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Abstract

The large volume of raw animation geometry data of complex 3D models demands for the

efficient compression of these data. The most of the existing animation geometry compres-

sion methods consider the 3D animation sequences comprising a single object with equal

number of vertices per frame and similar connectivity across the full animation frames.

Such an animation is called an isomorphic single-object animation and it is characterised

by the changes in geometry only. However, in real animations, the geometry as well as the

connectivity of vertices in the 3D mesh sequence may change over the frames. In a particu-

lar case, the animation may comprise isomorphic objects in blocks of frames. The research

work presented in this thesis centres around the development of efficient algorithms for the

compression of isomorphic and block-isomorphic animation geometry data.

One of the important animation geometry compression methods is the clustered PCA

(CPCA) method which clusters the 3D vertex trajectories on the basis of motion similarity

and applies the PCA-based compression on each cluster. An algorithm is proposed for

improving the CPCA method. The proposed subtractive clustering based clustered PCA

(S-CPCA) method provides a stable initialization of the cluster centres by applying the

density function based subtractive clustering on the vertex trajectories. It also includes

improved bit allocation and a block-based arithmetic coding scheme for the compression

parameters. The proposed S-CPCA based method outperforms the other PCA based

methods, namely the CPCA and the LPCA based methods in terms of the KGerr and the

STED distortion metrics.

Scalability of the animation geometry compression algorithm is a challenging issue. A

novel scalable compression method is proposed to obtain spatio-temporal scalability using

the singular value decomposition (SVD) of the vertex trajectory matrix of the geometry

data. The set of elements in the spatial and temporal singular vectors are decomposed into
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different spatio-temporal layers to support scalability. The prediction of elements in all the

upper spatio-temporal layers is performed using the averaging of neighbourhood elements

in the lower layers. The prediction errors of each spatio-temporal layer are quantized using

a non-uniform bit allocation scheme and entropy coded using a block based arithmetic

coding. The proposed compression algorithm outperforms existing methods in terms of

the scalable rates and distortions.

The compression of multi-object block isomorphic frames is not yet explored. The thesis

proposes a novel technique for the compression of block isomorphic multi-object (BIMO)

3D animation geometry. The proposed method applies a temporal segmentation algorithm

to divide the animation data of the consecutive frames into different isomorphic multi-

object (IMO) blocks. A proposed connectivity based spatial segmentation algorithm is

applied on each IMO block to detect the vertices belonging to the individual 3D objects.

An object based PCA (OPCA) algorithm is applied on the vertex trajectories of each

3D object to get the compression. The proposed method shows very good compression

performance on the block isomorphic animation geometry data.

Developing a perceptual visual distortion metric for the quality assessment of the decom-

pressed 3D animation data is an important research issue. The thesis proposes an improved

perceptual based visual distortion metric called the affine invariant spatio-temporal edge

difference (AISTED) metric. It first finds the affine-invariant representations of the re-

constructed frames using a least-squares method. The metric is then computed using the

relative changes in spatial and temporal edge lengths between the original frames and the

corresponding affine-invariant representations. The proposed metric shows improved cor-

relation with the subjective assessment scores in terms of the Pearson’s linear correlation

coefficient (PLCC) and the the Spearman’s rank order correlation coefficient (SROCC).
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1. Introduction

1.1 Introduction

3D animation is the rapid computer display of 3D objects/models with changing attributes over

a time span. It is a sub-field of computer graphics, which has shown rapid development over the last

decades. This is mainly because of the recent advancement of the 3D acquisition technology using

the high-end computer graphics hardware, the development of the 3D modelling software and the

growth of processing power of desktop PCs. The invention of 3D acquisition hardware, such as 3D

scanners, 3D cameras, depth sensors, MRI, radar, ultrasound etc. has facilitated users to digitize

the real world complex 3D objects. The evolution of 3D modelling software has also enabled people

to design virtual 3D models to simulate the real 3D objects. As a result, there is an abundance of

3D model databases which are available for use in the areas of science, engineering, entertainment

industries and other fields. With the popularization of multimedia technologies, there is a growing

demand to use these 3D models for visualizing and simulating 3D objects in the applications like 3D

television, computer generated animated films, 3D video games, engineering and architectural design,

interactive scientific simulations, e-commerce, virtual reality and so on. Moreover, the advancement

of Internet technologies has made possible for the people to share, distribute and access the 3D model

databases more easily. However, these 3D models need a large storage space, large bandwidth for

transmission and longer reconstruction time by the graphics hardware for real-time visualization. So,

there is an increasing demand for the efficient compression of the 3D models for compact storage, fast

transmission and lower reconstruction time.

Researchers have started experiments from early 90s in this direction and developed a number of

methods for compression of 3D models. They have also succeeded in standardizing some methods as

a part of Motion Picture Expert Group 4 (MPEG4) standard of Part-16 for Animation Framework

eXtension (AFX) [2]. Moreover, the present compression methods have to support the heterogeneous

client system that needs to facilitate different end users with different hardware capabilities. Since

making different bit streams for different end users is not an efficient solution to the problem, there

is a need to encode the compressed 3D data with a single bit-stream to enable users with different

hardware to derive the required information from the same. This method of obtaining a unique

bit stream suitable for a heterogeneous client system has also become important issue. This thesis

addresses the issues of scalable and non-scalable compression of the 3D models.
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1.2 3D animation basics

This section presents a brief introduction to the acquisition process of 3D models in the form of 3D

meshes. It is followed by a discussion about the different attributes needed to represent 3D meshes.

The different categories of 3D mesh data and their mathematical representations are also outlined.

1.2.1 3D data acquisition

A simple block diagram for 3D model acquisition process is shown in Figure 1.1.

Figure 1.1: An example of 3D Model acquisition process

A 3D scanner or depth field sensor is used to capture the surface of the real world 3D objects in

the form of 3D point clouds by laser scanning the object from multiple directions. These 3D point

clouds are then passed through geometric processing routines like smoothing, filtering or simplification

using the 3D modelling software. Finally, a wireframe representation of the digitized surface of the 3D

object is created using the triangulation technique. The triangulation method connects the adjacent

vertices on the surface of the model with a set of triangles called 3D triangular meshes. The 3D virtual

models having triangular meshes may also be created using the 3D modelling software from the Two
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Dimensional (2D) image of an object. These 3D triangular meshes are then represented in a popular

3D format to enable rendering by the graphics hardware for the visualization of the end-users. The

digitized data can also be used for the mass reproduction of the 3D model using the 3D printers. The

size of the voluminous 3D mesh data is also compressed using standard compression algorithms for

compact storage and faster transmission over network.

1.2.2 Attributes of 3D triangular meshes

The emerging demand for the use of 3D model data by various applications in networked envi-

ronments has made researchers to think for efficient representation of such data. The most common

representations for the 3D models are using the 3D polygonal meshes. A polygonal mesh is a finite

group of vertices, edges and faces that are used to represent the surface of a 3D model as a solid

shape in computer graphics [3]. A vertex signifies a single point in the mesh. An edge defines a line

segment connecting two vertices. The number of edges incident to a vertex is called the degree (or

valence) of the vertex. A face is convex polygon in 3D space bounded by edges on the surface of the

mesh. A face bounded by three edges is called a triangular face and is an example of a planer polygon.

However, a face bounded by more than three edges like quadrilateral, hexagonal or other polygonal

forms does not necessarily form a planar polygon. Therefore, the triangular faces are the most popular

and widely used for representing the 3D polygonal meshes. They are very effective for storage and

easily supported by the graphics rendering hardware of all the manufacturers. This is because:

- A triangle lies always in a plane

- A triangle is convex polygon with all its interior angles less than 180◦ and

- The interior parameters of a triangle can be easily expressed by the linear combinations of

coordinate values of its three vertices.

The different attributes of a triangular mesh are as follows:

• Geometry defining the positions of vertices in the 3D space,

• Topology or Connectivity giving the adjacency information between vertices to form triangular

faces covering the mesh surface,
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• Surface colour defining the colour of the triangular faces and mesh vertices,

• Surface normal representing the orientation of triangular faces in the 3D space and

• Texture quantifying the variation of the surface roughness or smoothness.

(a) Geometry (b) Faces (c) Surface color

(d) Surface Normals (e) Surface texture

Figure 1.2: Attributes of a 3D triangular mesh (“Spider” model)

The geometry and the connectivity data are the two primary attributes which are needed to view

the 3D objects in the wireframe model of triangular meshes as shown in Figure 1.2(b). The other

three attributes namely, surface colour, surface normal and surface texture are known as the property

attributes of the 3D triangular meshes. They are used to enhance the appearance and the details

of the wireframe 3D mesh model as shown in Figure 1.2(c), 1.2(d) and 1.2(e) respectively. The

property attributes are mostly attached with the vertices in terms of their colours, normal vectors and

texture coordinates. The rendering of a 3D mesh with the texture mapping consumes higher graphics

memory and increases the rendering time compared to rendering in a wireframe mode without the

texture mapping. The wireframe mode helps to visualize the 3D mesh in a faster way by using only

the geometry and connectivity data. It helps in quick demonstration on proof of concepts of realistic
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(a) Wireframe view (b) Enhanced view

Figure 1.3: An example of a static 3D triangular mesh from “Face” model

events using basic 3D models. This thesis work also considers the 3D triangular meshes with the two

primary attributes viz., geometry and connectivity information for the compression purpose.

1.2.3 Static vs Dynamic 3D meshes

The 3D triangular meshes can be divided into two categories - static and dynamic 3D meshes.

Static 3D mesh : A 3D triangular mesh with fixed attributes is called a static 3D mesh. The static

mesh represents a 3D model in a single frame. Figure 1.3 shows an example of a static mesh

frame of a 3D model, “Face”. It consists of two primary information- geometry and connectivity

which are invariant of time. The vertex colour and surface colour are assumed to be fixed during

plotting. A static 3D mesh can be created by using a 3D modelling software or by transforming

a real world object using 3D scanners and triangulation techniques.

Dynamic 3D mesh : A series of static 3D meshes is called a dynamic 3D mesh or a 3D animation

or a 3D mesh sequence. It comprises of consecutive frames of static meshes sampled at different

time instants. Each frame in a dynamic mesh sequence will have varying geometry as well as

topology or connectivity data over the time duration.

1.2.4 Types of dynamic 3D meshes

Based on the nature of changing attributes per frame of 3D meshes and the motion characteristics,

the dynamic 3D meshes are categorised as follows:
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a) Rigid body and soft-body 3D animation

(i) In rigid-body 3D animation, the distance between any two vertices does not change over time and

all the vertices of the triangular meshes move as one entity. The representation of the rigid-body

motion is simple but it can not characterize the smooth and realistic motion of animated objects.

(ii) In soft-body 3D animation, the relative positions of the vertices are independent of each other. All

the vertices can move freely over the animation duration to capture smooth and realistic motions

of the 3D objects. Because of the independent movement of each vertex across the frames, it is

required to process large data in real time to visualize the soft-body animation. It also restricts

the real time transmission of raw data of soft-body animation through usual communication

links. This is the major disadvantage of soft-body animation. Some compression techniques

need to be employed for the realization of such type of animation.

The main focus of this thesis is to study and develop some compression algorithms for the soft-body

3D animations. The terms 3D animation and 3D mesh sequence are used interchangeably throughout

the text to represent the soft-body 3D animations.

b) Isomorphic and non-isomorphic 3D animation

The dynamic 3D meshes are usually created using 3D graphics software from computer simulations

of 3D models over a certain time duration. They can alternatively be generated using the virtual real-

ity technique [4,5] by 3D scanning of the poses at different time instants of real world moving objects

followed by triangulations of the each frame. However, there exists a significant difference between

the dynamic meshes generated from the above two techniques.

The dynamic meshes generated using 3D graphics modelling software mostly fall under 3D anima-

tions and they are generally created with 3D models having fixed number of vertices and connectivity

data. In such a sequence, the instances of a 3D model in successive frames are isomorphic, i.e. topolog-

ically equivalent, with one-to-one correspondence of the vertices and edges. Therefore, the consecutive

frames of 3D animations will have varying geometry in the Cartesian space due to the changing dy-

namics of the 3D model. Each frame will have fixed number of vertices and constant connectivity

data. These 3D mesh sequences satisfy the graph isomorphism property. Figure 1.4 shows an example

of an isomorphic 3D animation by plotting a few selective frames from the “Chicken” animation. Each
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Figure 1.4: Frames of an isomorphic 3D animation with “Chicken” model (3030 vertices and 5664 faces)

frame shown in the figure represents an instant of the moving 3D model in time. The dynamic mesh

sequence generated using the virtual reality technique is termed as time-varying or non-isomorphic 3D

animation. Here frames are generated independently from 3D-modelling of the multi-view images of

the real-world objects. The instances of the 3D model present in successive frames are not isomorphic

to each other. Therefore, the consecutive frames of a time varying 3D animation will have changing

geometry as well as connectivity information. Figure 1.5 shows 4 frames of a non-isomorphic 3D

animation created with the reconstructed 3D meshes of real world objects at different time instants.

Figure 1.5: Frames of a non-isomorphic 3D animation “Dog-Man-Ball” (http://4drepository.inrialpes.fr/)
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An isomorphic 3D animation may contain a single 3D object or multiple 3D objects per frame for

visualizing the animation for a specified duration. Accordingly, it may be termed as isomorphic single

object or isomorphic multi-object 3D animation respectively. Similarly, there will be non-isomorphic

single-object or multi-object 3D animation for the case of a non-isomorphic 3D animation.

It is observed that the 3D models built using the 3D modelling software may comprise of either

single or multiple connected components (CCs). These CCs are isolated closed convex polygons which

are geometrically close to each other and which represent the 3D surface of different parts of a single

3D model. The individual CCs are isomorphic across all the frames. For example, the single 3D model

in the “Cow” animation consists of a single CC, whereas, the single 3D model used in the “Chicken”

animation consists of 41 CCs as shown in Figure 1.6(a) and 1.6(b) respectively.

(a) Frames of “Cow” animation with single CC

(b) Frames of “Chicken” animation with multiple CCs

Figure 1.6: Example of 3D animations built using 3D objects with (a) single CC and (b) multiple CCs
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c) Block-isomorphic 3D animation

As discussed above, in an isomorphic 3D animation, the number of vertices per frame representing

the 3D models is constant and hence the topology relationship among the vertices is also assumed

to be fixed over all the frames. However, there are some cases of 3D animations where the number

of vertices and connectivity data per frame are constant for certain numbers of frames and then get

changed to another set of vertices and connectivity data in between during the animation period. Such

a 3D animation is called a block-isomorphic 3D animation. Block isomorphism occurs if

• a 3D model gets changed to another 3D model having different number of vertices and connec-

tivity information after certain intervals and

• the number of 3D models present in each frame of the 3D animation gets changed at random

intervals during the animation period.

The first category of 3D animation which shows the change in vertex and connectivity involving single

3D model is termed as block-isomorphic single-object (BISO) 3D animation. The second category of 3D

animations which involves multiple 3D models is termed as block-isomorphic multi-object (BIMO) 3D

animation. Figure 1.7 and 1.8 show an example of a BISO-3D and a BIMO-3D animation respectively.

Figure 1.7: Frames of a block-isomorphic single-object 3D animation
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1.2 3D animation basics

Figure 1.8: An example of a block-isomorphic multi-object 3D animation

In Figure 1.7, a single 3D model “Horse” with 8431 vertices gets changed to 3D “Camel” with

21887 vertices at frame number 49. The frames of the BIMO-3D animation shown in Figure 1.8

comprise of three 3D objects namely, “Chicken”, “Cow” and “Dolphin”. The number of 3D objects

per frame has changed to two, three, two and one at frame numbers 101, 151, 252 and 305 respectively.

In addition to the above types, there exists motion-capture (MoCap) based 3D animations [103]

which record human body movements to produce skeletal animations. A MoCap 3D animation system

uses sensors placed on the human body to capture the temporal trajectories of the selected parts. It

only records changing geometry information of a set of markers or key points over the time without any

topology information. They are used for synthesizing human motion to simulate character movements

in many interactive applications like entertainment, game development, military, sports, robotics and

computer vision. They are not used to design generalized animations using real world 3D objects

which need both changing geometry and connectivity data over time.

1.2.5 Mathematical representations of 3D mesh data

The mathematical representations of the geometry and connectivity data for the static 3D mesh

and 3D animation are presented below.
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1.2.5.1 Static 3D mesh

The geometry and the connectivity information of a static 3D mesh are represented by the model

Ms = (Gs,Cs) [6] where Gs ∈ RNv×3 and Cs ∈ Z+Nt×3 denote the geometry and the connectivity

data respectively. The connectivity data of the static mesh frame is represented using a set of Nt

triangular faces fn and is given by

Cs = {fn : fn = {in, jn, kn} ∈ Z+3} , n = 1, · · · , Nt, in, jn, kn ∈ {1, . . . , Nv} (1.1)

The indices in, jn and kn signify the indices of the adjoining three vertices which are interconnected

using the three edges {in, jn}, {jn, kn} and {kn, in} to form the n-th triangular face fn. The geometry

data Gs contain the geometry positions of the Nv vertices describing the static 3D mesh and is given

by

Gs = {pvi : pvi = (vix , viy , viz) ∈ R3, i = 1, . . . , Nv}, (1.2)

where pvi represents the position of the i-th vertex in 3D space having three coordinate components

vix , viy and viz corresponding to X, Y and Z axes respectively.

1.2.5.2 3D animations

An isomorphic 3D animation with constant topology information Cd and dynamic geometry com-

ponent Gd spanning over a time duration using Nf number of frames is mathematically represented

as Md = (Gd,Cd). The topology data Cd can be defined similarly to the topology data for a static

3D mesh frame as given by Equation (1.1). The geometry data Gd are defined over a set of Nf frames

containing the geometry positions of Nv vertices describing the 3D model in each frame and given by

Gd = {G1, . . . ,Gf , . . . ,GNf }, (1.3)

Here, Gf ∈ RNv×3 signifies the geometry of the f -th frame of the animation with a set of Nv vertices

per frame and is given by

Gf = {pfvi : pfvi =
(
vfix , v

f
iy
, vfiz

)
∈ R3, i = 1, . . . , Nv}, (1.4)

where pfvi represents the position of i-th vertex of the frame f in the 3D space having three coordinate

components vfix , vfiy and vfiz corresponding to X, Y and Z axes respectively.
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The overall geometry component of the 3D animation defined by the set Gd as shown in Equation

(1.3) is also represented in a 2D matrix form for the easy application of signal processing algorithms

on it. Two different types of matrix representations for the overall animation geometry are made - (a)

frame-based representation and (b) trajectory-based representation.

a) In the frame-based representation, the geometry of each frame Gf is stored as a column vector

af of length 3Nv by cascading the three coordinates, vfix , vfiy and vfiz of the Nv vertices of the

frame and given by

af =
[
vf1x . . . vfNvx

vf1y . . . v
f
Nvy

vf1z . . . v
f
Nvz

]T
, f = 1, . . . , Nf (1.5)

Accordingly, the whole animation geometry for Nf number of frames can be represented by a

matrix A of dimensions 3Nv ×Nf [7] as

A =
[

a1 | a2 | . . . | aNf

]
=



v11x v21x ... v
Nf

1x
...

... ...
...

v1Nvx
v2Nvx

... v
Nf

Nvx

v11y v21y ... v
Nf

1y
...

... ...
...

v1Nvy
v2Nvy

... v
Nf

Nvy

v11z v21z ... v
Nf

1z
...

... ...
...

v1Nvz
v2Nvz

... v
Nf

Nvz


3Nv×Nf

(1.6)

b) In the trajectory-based matrix representation [8] [9] of the animation geometry, the frame-wise

geometrical positions of each vertex pfvi across the Nf number of frames are cascaded together

to form a trajectory vector ti of length 3Nf given by

ti =
[
v1ix v

1
iy v

1
iz v

2
ix v

2
iy v

2
iz . . . v

Nf

ix
v
Nf

iy
v
Nf

iz

]T
, i = 1, . . . , Nv (1.7)

The trajectory vectors ti for Nv number of vertices are placed as the rows of a matrix B of
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dimension Nv × 3Nf as

B =



t1

t2
...

tNv



T

=



v11x v11y v11z v21x v21y v21z · · · v
Nf

1x
v
Nf

1y
v
Nf

1z

v12x v12y v12z v22x v22y v22z · · · v
Nf

2x
v
Nf

2y
v
Nf

2z
...

...
...

...
...

...
...

...
...

...

v1Nvx
v1Nvy

v1Nvz
v2Nvx

v2Nvx
v2Nvx

· · · v
Nf

Nvx
v
Nf

Nvy
v
Nf

Nvz


(1.8)

The main objective of animation geometry compression algorithms is to represent the matrix A and

B in a more compact manner by applying the data compression algorithms.

1.3 Compression of 3D meshes

1.3.1 Need for compression

The goal of the 3D mesh compression algorithms in the early 90s was to reduce the amount of

bytes required to be transferred from the computer main memory to the graphics card memory for the

fast rendering purpose. With that motive, a class of algorithms were proposed to compress both the

triangular and the polygonal meshes. But the goal of present compression algorithms is not merely

limited to the benefits of hardware processing. There are other compression goals which need to be

addressed. They are discussed below:

(i) Efficient storage, transmission and rendering for 3D static mesh

The sizes of 3D models are now-a-days becoming larger due to the surface reconstruction of

huge point clouds generated from the modern scanning devices. The generation of the complex

3D models is also possible with the advent of new 3D modelling software. The large size of

static 3D models is because of the large number of vertices and polygonal faces for visualizing

the minute details of the 3D models. Eventually, the large size will increase the cost of storage

and the processing time by the graphics hardware. Furthermore, the transmission of these large

3D models over the limited bandwidth internet connection for real time visualization in another

challenge. It becomes utmost necessary to develop efficient compression algorithms for the huge

3D static meshes for decreasing the cost of storage hardware, enhancing rendering performance

and enabling fast transmission over the network.
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(ii) Efficient storage and broadcasting of 3D animation

With the advancement of multimedia technologies, the popularity of 3D animations featuring

3D objects has increased. For a realistic visual experience, the 3D animations are made with

complex static 3D meshes spanning over hundreds of frames to describe a short sequence lasting

for a few seconds. Therefore, a dynamic 3D mesh requires more storage space as compared to

a static 3D mesh. Moreover, the raw animation data with complex 3D models always require

more reconstruction time for real-time visualization over the internet. So, the development

of a good compression algorithm for the efficient storage and broadcasting of 3D animations

while maintaining a good visual quality has become more challenging. This area is gaining

much interest among researchers in the present scenario. We have also focused our work for the

development of compression algorithms for 3D animations only.

(iii) Scalability

Now-a-days, different users have different hardware devices like laptops, desktop PCs and mo-

bile phones for visualizing the same animation content with different resolutions. Moreover, the

users may also access the animated 3D models over heterogeneous networks with different band-

widths like Internet, LAN, wireless networks etc. Thus, there is a growing demand to compress

the animation data in a scalable manner. The scalable algorithms facilitate the encoding the

animation data only once using a single bitstream having different sub-layers and then decoding

the bitstream with sub-layers in multiple ways in terms of frame rates, resolutions or visual

qualities. Like in image and video coding, the most common types of scalability used in 3D

animations are spatial, temporal and quality scalability. In spatial or temporal scalability, the

decoder decodes the subset of encoded bitstream with variable spatial or temporal resolutions

respectively, whereas in quality scalability, the bitstream is decoded with variable distortions.

The development of efficient compression algorithms supporting spatial, temporal and quality

scalability is an active research topic among the researchers in recent times.

1.3.2 Redundancies in 3D animation data

The goal of any compression algorithm is to represent the raw input in a compact way by removing

the irrelevant information and reducing the redundant information. The 3D meshes acquired by the 3D
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acquisition hardware also contain irrelevant and redundant information. The irrelevant information

mainly signifies the noise or outlier samples which may be introduced during the acquisition process

or any other information not relevant to human perceptual point of view. For example, a 3D mesh

model after acquisition from a 3D laser scanner may be represented using the 32 bits per coordinate

component of a vertex. However, during displaying the 3D model on a PC monitor, the same vertex

points are represented in 16 bits per coordinate component and it may be perceived equally well as

the 32-bit representation by human observer provided it is not observed by zooming very close to the

model’s surface to view the noticeable distortions. Although certain distortions will be introduced

by this process, the removal of such irrelevant data will definitely reduce the bitrate to half. So,

the required distortion i.e. the inverse of quality is a function of the bitrate. This trade-off between

the target distortion vs. minimum bitrate and vice versa can be analysed theoretically using the

rate-distortion (RD) theory [10].

The reduction of redundancy in data exploits the statistical dependencies present among the sample

data. In a 3D animation, there persists redundant information among the vertices in the spatial as

well as in the temporal direction. To remove the redundancy, prediction methods are mostly used in

the spatial and temporal domains. For instance, a spatial group of neighbouring vertices representing

some parts of the 3D object surface may exhibit similar motions across the animation frames. Instead

of encoding each vertex of the group separately, the prediction method can be applied to predict the

actual position of a vertex in a frame using the already encoded positions of its nearest neighbourhood

vertices in the past and present frames. The difference in the predicted value and the actual value

of the vertex i.e. the residue will be of a small dynamic range and have reduced variance. The

residues can be efficiently encoded with fewer bits compared to the original position using the entropy

coding. The entropy encoder generally uses the statistics of the of the source represented by the

probability density function (PDF) to apply the necessary variable length coding (VLC) algorithms

like the Huffman coding [11], the arithmetic coding [12] and the context adaptive binary arithmetic

coding (CABAC) [13] to get the compact bitstream.

Another mechanism followed to remove redundant and irrelevant data present in 3D animation is

by the application of some linear transformation techniques on the original geometry data to get a

set of uncorrelated data. This helps in better processing of the data by the compression algorithms
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in the transform domain. The transformation operations are invertible in most of the cases and so

the original data can be reconstructed back from the samples in the transform domain. Some of

the important transformation methods that find use in the 3D animation geometry compression are

the discrete cosine transform (DCT) [14], the discrete wavelet transform (DWT) [15], the principal

component analysis (PCA) [7], the singular value decomposition (SVD) [16] and the spectral transform

using the graph Laplacian matrix [17] and so on. The PCA [104] and the DWT [105], [103] have also

been used to exploit the spatio temporal redundancies to compress the MoCap data. It is also observed

that the transformation operations like the DWT and the SVD can produce scalable or progressive

representations of the original animation data. This feature has great importance for the applications

related to real time visualization of the animation data over the Internet. The scalable or progressive

coding of the original data helps in partial decoding of the bitstream to get a low quality reconstructed

animation without waiting for the time to download the whole encoded bitstream. The subsequent

decoding of more data gradually improves the quality.

1.3.3 Types of compression for 3D meshes

The compression of 3D polygonal meshes involves three types of compressions, i.e., connectivity

compression, geometry compression and geometry property data compression. Out of these, the

compression of connectivity and geometry data is primarily important for the compact representation

of 3D meshes. The compression algorithms need to compress both the geometry and connectivity data

separately. The connectivity data are generally encoded in a lossless manner as they are represented

in discrete integers describing the triangular faces. The geometry data which are represented in 32-bit

floating point values are mostly encoded in a lossy manner by representing them in fewer number of

bits. The compression algorithms for 3D meshes can be grouped in two broad categories: a) single-rate

or single resolution and b) progressive or multi-resolution compression algorithms.

(a) Single-rate compression

The single-rate or single resolution compression methods allow the compact representation of the

input mesh using a single bit-stream containing both geometry and connectivity data. The decoder can

reconstruct the input mesh for the visualization by the end user only if the full compressed bitstream

is available. It does not allow any intermediate reconstruction of mesh data from the compressed
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bitstream. This type of compression is important for the compact storage and the fast transmission

of the compressed 3D mesh data over the Internet.

(b) Progressive compression

The progressive compression algorithm [18–21] on the other hand allows successive reconstruction

of intermediate 3D meshes with different level of details (LoD) at the decoder as more compressed

bitstream is received. This type of compression method enables an end user to have an early preview

of the coarse version of the input 3D mesh without downloading the full compressed bitstream. The

end user can select the required LoDs as per his satisfaction based on the hardware capability and

network constraints. However, there exists a rate-distortion trade off between the compressed bits and

the LoDs in progressive compression. This type of compression is suitable for the transmission of 3D

meshes over limited bandwidth network. The progressive compression methods can not provide better

coding gain compared to a single-rate coder as they cannot fully exploit the redundancy among the

mesh data as exploited by the single-rate coders.

The progressive mesh compression methods are either geometry or connectivity driven. In the

geometry driven progressive mesh compression schemes [17, 22–24], the geometry data is given due

priority to compress them in a progressive manner with different spatial geometry based layers. The

compression of connectivity data is driven by the geometry coding. The wavelet based multi-resolution

mesh coding methods [15, 25–27] are generally belong to the geometry driven progressive mesh cod-

ing. In the connectivity driven progressive mesh compression techniques [28–30], the compression

of connectivity data in progressive manner with different LoDs is given due priority. The geometry

compression is driven by the connectivity coding. This class of algorithms work in the principle of

mesh simplification based on connectivity information to give required LoDs. The connectivity data

is gradually simplified by reducing the number of edges, vertices or faces stage by stage at each LoDs.

1.3.4 Scope for compression of 3D animations

The raw data size of 3D animations require a large storage size because of larger number of static

frames and so it is necessary to compress the 3D animations in an efficient manner for compact

representation. The compression of raw data can be achieved by exploiting the spatio-temporal co-

herence of geometry data in the successive frames. Based on coherence of connectivity information

across the frames, the compression methods of 3D animations can be divided into two categories.
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The first category is for compressing animations with constant connectivity i.e.isomorphic 3D ani-

mations and the second category is for animations with varying connectivity i.e. non-isomorphic 3D

animations. Most of the existing geometry compression methods reported in literature deal with the

compression of isomorphic 3D animations comprising a single object per frame across the full ani-

mation frames. The existing compression methods for isomorphic 3D animations can be classified

into five categories: segmentation-based methods [8, 31–33], PCA-based methods [3, 7, 9, 34], methods

based on spatio-temporal prediction [35–39], DWT-based methods [27, 40, 41], and finally the MPEG

based [2,42] animation compression algorithms. Many of the existing methods for animation geometry

compression use the PCA as the important tool for single rate compression. The PCA approaches

are efficient because it analyses the coherence of the entire sequence and give best compression results

when processed off-line on the 3D animation data. Compared to the direct PCA, the PCA on clusters

provides better compression of animation geometry by exploiting both the spatial and temporal co-

herence across the sequences. The improvements for PCA based geometry compression methods are

reported in clustered PCA (CPCA) [8] and the local PCA (LPCA) [43] methods.

In the case of non-isomorphic 3D animations, the complexity of compression methods is more

compared to the isomorphic case. This is because of non-coherence of spatio-temporal information

across the frames. It is much harder to exploit the spatio-temporal redundancies in the case of non-

isomorphic 3D animations without prior mapping of geometry and connectivity information across the

frames. Two compression methods proposed by Han et al. [44] and Yamasaki and Aizawa [45] deal

with non-isomorphic 3D animations. These methods apply blocking matching techniques used in video

compression methods. They divide the 3D meshes in each frame into number of blocks or patches and

perform matching of those blocks/patches in subsequent frames and finally code the residuals.

Moreover, in real animations, the geometry as well as the connectivity of vertices in the 3D an-

imations may change at irregular intervals over time span. In that case, the animation data may

satisfy isomorphic property in blocks of frames. No compression method can be found in literature for

the block-isomorphic 3D animations. The research work presented in this thesis centres around the

development of efficient algorithms for the compression of isomorphic and block-isomorphic animation

geometry data. The scalable compression of animation data is another emerging issue that is evolving

now-a-days because of the requirement of visualizing the 3D animation at different dimensions and
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rates as discussed below.

1.3.5 Scalable coding of 3D animation

Multimedia data can be encoded into two different ways: non-scalable coding and scalable coding.

In non-scalable coding, the data is encoded and decoded independent of actual channel characteristics.

Non-scalable coding gives high quality and a simple decoder, but it requires a large storage size. The

main problem with non-scalable coding is that, it is difficult to adapt the bit stream over different needs

of the users and different channel bandwidths. On the other hand, with scalable coding, multimedia

data needs to compress in a single scale and depending on various needs of the users and network

or bandwidth condition, the bit stream is decompressed in a multiple scale with different qualities,

spatial resolutions and/or temporal resolutions. The compressed bitstream is encoded into a base

layer and a few enhancement layers, where the enhancement layers add spatial, temporal, and/or

quality scalability to the reconstructed base layer. Scalable coding gives small storage size, simple bit-

stream switching and multi-cast applications with complicated decoder and less compression efficiency

compared to non-scalable coding.

1.3.5.1 Types of scalability

There are three types of scalability: temporal, spatial, and quality or SNR scalability.

(i) Temporal scalability

The sub-stream of a bit-stream having temporal scalability provides a lower frame rate or tempo-

ral resolution than the complete bit-steam of the multimedia data. It can be achieved using the

group of frame (GOF) structure. The GOF can be defined as the group of all the frames which

are temporally located between two consecutive key frames including the next key frame. Let,

the temporal layer can be represented by the temporal layer identifier T. Thus T0 represents base

layer, T1 represents the enhancement layer 1, and so on. The concept of hierarchical B-frames

is used to achieve temporal scalability with dyadic temporal enhancement layers as illustrated

in Figure 1.9. The numbers written below the frames indicate the coding order.

(ii) Spatial scalability The sub-stream of a bit-stream having spatial scalability provides a smaller

spatial resolution than the complete bit-steam of the multimedia data. It can be achieved by
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Figure 1.9: Prediction with hierarchical B-frames for temporal scalability [1]

D
1

D
0

Figure 1.10: Multi-layer structure with inter-layer prediction for spatial scalability [1]

using a multi-layer coding approach. Each layer has a different spatial resolution and can be

represented by the spatial layer identifier D. Thus D0 represents base layer, D1 represents the

enhancement layer 1, and so on. Each spatial layer can be encoded using motion compensation

and intra-prediction as a single-layer coding. The coding efficiency can be improved by adding

inter-layer prediction mechanisms as shown in Figure 1.10.

(iii) Quality scalability The sub-streams of the bit-stream having quality scalability provide the

same resolution or the frame rate (spatio-temporal resolution) as the complete bit-steam of

the multimedia data. But They have different qualities or signal-to-noise ratios (SNR). Quality

scalability is also called as SNR scalability. In quality scalability, the spatial resolution of the base

and enhancement layers are same. So it is referred as a special case of the spatial scalability.

Quality scalability can be achieved by repeatedly decreasing the quantization step size and

encoding the difference in quantized coefficients.
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The scalability concepts in the SVC are to be appropriately applied for animation geometry com-

pression. It will be useful for low-latency streaming applications of 3D animations especially for

handheld devices over limited bandwidth channels to view the 3D animation at a reduced number

of mesh vertices (spatial scalability) or reduced frame rates (temporal scalability) or less visual qual-

ity (quality scalability). Unlike video, the scalability issues of 3D animation geometry compression

is not well-addressed. There are a few approaches that present the scalable compression of 3D an-

imations [25, 33, 42, 46]. Most of these methods have not reported the scalability performance. It

is observed that the scalable compression methods for animation geometry has its own challenges,

particularly for the spatial scalability case. Thus, there is scope for further research.

1.3.6 TFAN connectivity compression

Unlike the other multimedia data such as speech, image and video, the compression of geometry

data of 3D meshes depends on the underlying structure of the mesh data. The connectivity data define

the underlying structure of a 3D mesh based on which the geometry data can be compressed at the

encoder side. Similarly, the decoder must know this structure in advance before reconstructing the

geometry data. So, it is necessary to compress the connectivity data efficiently in lossless manner along

with the 3D animation geometry. In general, the compression of connectivity data involve traversing

the mesh from vertex to vertex to detect the occurrence of a few predefined patterns in the mesh.

The detection of the patterns are recorded as a sequence of different symbols. The list of generated

symbols are finally entropy coded to get the compressed data. Some of the popular connectivity

compression techniques available in literature of 3D triangular meshes are the Edgebreaker algorithm

of Rossignac [30], the valence-based coder by Touma and Gotsman [29] and the Triangle FAN-based

(TFAN) compression approach by Mamou et al. [47].

In this work, we have applied the TFAN encoder for the compression of connectivity data of the 3D

animation. A TFAN is defined a set of T connected triangles with T+2 vertices with a common central

vertex. The TFAN algorithm starts with decomposing the mesh into a set of TFANs. The vertices in

the mesh are traversed from neighbour to neighbour to detect the TFANs. A triangle in a TFAN is

marked ‘visited’ if it is a part of an earlier TFAN. Based on the ‘visited’ and ‘non-visited’ triangles, 10

distinctive TFAN configurations are identified. The indices for the TFAN identified during traversal
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of vertices of the mesh are efficiently encoded based on their relative frequencies of occurrences in the

mesh. The TFAN codec is shown to outperform the existing MPEG-4/3DMC (3D Mesh Coding) [48]

and Touma and Gotsman [29] approaches with better compression efficiency and lower decoding time.

The details about the TFAN compression algorithm is available in [47].

1.4 Distortion metrics for geometry compression algorithms

The geometry data of 3D animations undergo various processing operations during compression

methods. Geometric distortions are introduced in the original data because of these processing op-

erations. The geometrical distortions result in visual artefacts in the reconstructed animation data

and alter the perceptual or visual quality of the 3D content with respect to the original one. Hence,

the quality assessment of 3D animations using a distortion metric (DM) is an important issue for the

development and optimization of the geometry compression algorithms. The quality assessment of

dynamic 3D meshes involves the subjective or objective evaluation of the reconstructed 3D mesh data

with respect to its original version based on the detectability of artifacts. Since subjective evaluation

is a time consuming process, objective DMs are used for faster evaluation of quality of reconstructed

3D meshes. The objective DMs should give outputs correlating with the subjective evaluation scores

of distorted animations. For that, it is required to integrate the perceptual characteristics of human

visual system (HVS) like curvature information, surface roughness, edge lengths, dihedral angles, tex-

ture mapping and other psycho-perceptual factors. Accordingly, the existing objective DMs can be

divided into non-perceptual and perceptual types based on their nature of integration of properties of

HVS in them. The non-perceptual DMs are computed simply based on the geometrical distances of

the vertices in the original and the corresponding reconstructed animation. The perceptual DMs are

computed by integrating the characteristics of human visual system (HVS) and show better correlation

with the subjective evaluation scores. In this thesis, we have used the following DMs for performance

evaluation of geometry compression algorithms.

• KG error (KGerr): The KGerr metric, proposed by Karni and Gotsman [3], is a non-perceptual

objective DM widely used by the researchers in for measuring performance of the geometry
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compression algorithms for 3D animations and it is defined as

KGerr =

∥∥∥A− Ã
∥∥∥
f

‖A−E(A)‖f
× 100% (1.9)

where A is the original geometry matrix given by Equation (1.6), Ã is the reconstructed geometry

matrix and E(A) is the mean matrix of size 3Nv ×Nf with each column consisting of the mean

frame of the matrix A over the Nf columns. The notation ‖.‖f represents the “Frobenius norm”

or “entry-wise Euclidean norm” given by the square root of the sum of the squares of the elements

of the matrix.

• Spatio-temporal edge difference (STED): The STED metric, proposed by Vasa and Skala [49],

is the first perceptual based DM designed for quality assessment of distorted 3D animations. It

is based on relative changes in local edge lengths instead of global changes of vertex positions

between two mesh sequences. It is defined as

STED(d,w) =
√
STEDs(d)2 + c2.STEDt(w)2 (1.10)

where STEDs(d) signifies the spatial error, STEDt(w) signifies temporal error and c is a weight-

ing parameter. The spatial error corresponds to the sum of standard deviation of relative edge

lengths computed at each vertex within its topological neighbourhood for all the frames. The

temporal error is computed as the sum of relative changes of virtual temporal edges between the

two mesh sequences. A virtual temporal edge corresponds to the edge formed by connecting the

position of a vertex in two consecutive frames. The details of the STED metric are presented

in Section 5.3.2.

The two metrics used for the measurement of compression performance are the compression ratio

(CR) and the compression rate expressed in terms of bits per vertex per frame (bpvf) [8] as defined

below.

• Compression ratio (CR): The compression ratio for the geometry data is defined as the ratio

of total number of elements in the original animation matrix to the total number of elements in
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the compressed data. It is given as

CR =
Total size of original geometry data

Total size of compressed data
(1.11)

• Bits per vertex per frame (bpvf): It signifies the compression rates in terms of number of bits

per vertex per frame. It is a unit for bandwidth usage measurements. It is defined as

bpvf =
Total size of encoded bits

Nv ×Nf
(1.12)

whereNv is the number of vertices per frame andNf is the number of frames in the 3D animation.

1.5 Motivation and problem formulation

Based on the literature survey, four research issues in animation geometry compression are iden-

tified. Accordingly, four research problems are formulated.

1.5.1 Compression of isomorphic animation geometry

In an isomorphic 3D animation, the consecutive frames will have only varying geometry in the

Cartesian space with fixed number of vertices and constant connectivity data [50]. In such animations,

the instances of the 3D models in successive frames are isomorphic, i.e. topologically equivalent, with

one-to-one correspondence of the vertices and edges. There is an increasing demand for designing of

complex 3D models to have realistic visual experience in computer generated 3D movies, animations,

scientific visualization of 3D models, 3D imaging and 3D video games. These require large storage

space for the raw animation data. So, there is a growing demand to develop different compression

techniques for representing the raw animation data compactly while maintaining a good visual quality.

The compact representation should also facilitate reliable transmission of mesh data through the

band limited channel. Thus, optimized compression of 3D animation geometry data is of interest

among researchers. This leads us to develop an efficient compression algorithm for an isomorphic 3D

animation.

1.5.2 Scalable compression of isomorphic animation geometry

There is a growing need to develop algorithms that can encode the animation geometry data only

once and decode them in multiple ways in terms of frame rates, resolutions or qualities. This makes
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the scalability as an important issue in the compression of animation data. A scalable geometry

compression algorithm encodes the time varying geometry data in a single bit-stream with different

sub-layers and decodes the bit-stream in layers to view the full animation in multiple scales. The

non-uniform connectivity of the vertices brings additional challenges to compress the animation data

in a scalable manner.

1.5.3 Compression of multi-object based animation geometry

In real world animations there may multiple 3D objects in each frame and the geometry as well as the

connectivity of vertices of constituted multiple 3D objects may be changing at irregular intervals over

time span. Most of the compression works reported in literature deal with 3D animations featuring a

single object. No work has been reported in the literature for the compression of animation geometry

data having multiple 3D objects. The multi-object based 3D animations contain multiple complex

3D models with changing attributes like vertices, connectivity, face normals and texture across the

frames. The size of raw data for a multi 3D object based animation will be much higher compared to

the single 3D object based animation. So, there is a need to address the compression issues for such

multi-object based 3D animations.

1.5.4 Distortion metrics for animation geometry compression

To evaluate the performance of 3D animation geometry compression algorithms, it is necessary to

do the quality assessment of the decompressed mesh data. The quality assessment of 3D animations

involves the subjective or objective evaluation of the reconstructed 3D animation data with respect

to its original version based on the detectability of artifacts. The subjective evaluation refers to the

quality assessment of the reconstructed 3D animations by human observers in terms of opinion scores

based on the perceptual quality. However, carrying out subjective assessment is always time consuming

and cannot be integrated as an automatic process. The researchers have, therefore, focused on the

development of objective distortion metric (DM) which can numerically predict the quality. This

metric should have correlation with the subjective visual quality score. Thus, it is required to develop

the DM to predict the quality of any distorted 3D animation in an automatic manner correlating with

the subjective mean opinion score by integrating the properties of the human visual system (HVS).
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1.6 Thesis contributions

The objective of this thesis is to compress the geometry data of isomorphic and block-isomorphic

3D animations for efficient storage and transmission over the heterogeneous network. It also investi-

gates the approaches to compress the geometry data in a scalable way, adapting different resolutions,

qualities and transmission rates. This thesis reports four broad contributions in the area of 3D ani-

mation geometry compressions including a distortion metric as given below.

1) Improving the performance of the CPCA method

The first contribution is related to the non-scalable compression of isomorphic 3D animation geome-

try. A method has been proposed for improving the performance of an existing geometry compression

method based on clustered principal component analysis (CPCA). In the CPCA algorithm, the vertex

trajectories are clustered using the K-means algorithm followed by the principal component analy-

sis (PCA) on the clusters. However, the compression performance of the existing CPCA method

is restricted to the initial random selection of the cluster centres. The proposed method uses the

subtractive clustering technique to find stable cluster centre trajectories based on density functions.

The stable centres are used as initial cluster centres for the K-means algorithm to cluster the vertex

trajectories. The PCA is applied on individual clusters for data compression. A non-uniform quanti-

zation method is applied to encode the elements of PCA eigen vectors, PCA coefficients and the mean

vertex trajectory of each cluster. A block-based arithmetic coding is proposed to encode the groups

of quantization levels obtained using same quantization bit in each cluster. The simulation results

on standard 3D animation sequences show stable and better performances than CPCA and LPCA

algorithms in terms of objective distortion metric.

2) Scalable compression of animation geometry using singular value decomposition

The second contribution is related to the scalable geometry compression of isomorphic 3D anima-

tions. The scalable compression facilitates compression of the geometry data in a single scale and

decompressing it in multiple scales. An encoder and decoder structure have been proposed to obtain

spatio-temporal scalability using the singular value decomposition (SVD). After the SVD, the elements

of the spatial singular vectors are first arranged into different spatial layers starting from a base layer
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to enhancement layers. The spatial prediction errors between the elements of successive spatial layers

are computed and subsequently quantized non-uniformly and entropy coded. Similarly, the elements

of temporal singular vectors are grouped frame-wise from base layer to enhancement layers to compute

the temporal prediction errors. The temporal prediction errors are also quantized non-uniformly and

entropy encoded. The performance of the proposed SVD based spatio-temporally scalable algorithm

is found better than existing scalable compression methods.

3) Compression of block-isomorphic multi-object animation geometry

The third contribution is related to a novel compression scheme for 3D animations featuring multiple

3D objects per frame. An object-based PCA (OPCA) method has been proposed to compress the

geometry data of block-isomorphic multi-object (BIMO) 3D animations. This compression method

exploits the spatio-temporal correlations among the vertices of the individual 3D objects across the

animation length. The animation geometry data of consecutive frames are first segmented into dif-

ferent isomorphic multi-object (IMO) blocks based on the information of changing vertices and their

connectivity data. The vertices belonging to individual 3D objects in each IMO block are then de-

tected using a proposed connectivity bases spatial segmentation algorithm. The geometry data of the

individual 3D objects are then separated out for each IMO block. The 3D objects spanning across

multiple IMO blocks are detected as unique 3D objects based on the mesh attributes and the Eu-

clidean distances between the objects in consecutive IMO blocks. The geometry data of the unique

3D objects are appended temporally across the frames in IMO blocks. The OPCA algorithm is finally

applied on the vertex trajectories of the unique 3D objects to get the compression. The compression

performance of the proposed OPCA method is evaluated on a few BIMO-3D animations. The simula-

tion results show that at lower bitrate, the proposed OPCA method gives better results by providing

minimum perceivable distortions compared to the PCA and the CPCA method. The performance

has also been compared with the segment adaptive PCA (SA-PCA) and segment adaptive OPCA

(SA-OPCA) methods which apply the PCA and OPCA algorithm respectively on geometry data of

each IMO block without any merging operation. The compression performance of the merged OPCA

is found better than the SA-PCA and the SA-OPCA methods.
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4) An improved distortion metric for 3D animation geometry

The fourth contribution is related to the proposed perceptual visual distortion (PVD) metric for

quality assessment of 3D animation geometry compression algorithms. The work aims at discussing the

issues with the existing PVD metrics, the STED and the dynamic mesh perceptual distance (DMPD),

used for quality assessment of 3D animations and proposes an improve PVD metric named as affine

invariant spatio temporal edge difference (AISTED). This new metric incorporates a few properties

in the context of correlation with the HVS. It uses the relative changes in spatial and temporal

edge lengths between the original and the reconstructed animations to measure the distortions in

perceptual manner. The proposed metric is made invariant to any combinations of frame-base affine

transformation operations, in terms of translation, rotation and scaling, applied on the animations.

1.7 Organisation of the thesis

The rest of the thesis is organised as follows:

Chapter 2 discusses the existing compression algorithms of 3D animation geometry based on the

PCA and the clustered PCA (CPCA) algorithms. It presents a method of improving the performance

of CPCA method using the proposed subtractive clustering based CPCA (S-CPCA) algorithm. In

Chapter 3, scalable compression methods of 3D animation geometry are discussed. It presents a

proposed spatio-temporally scalable compression of animation geometry using the SVD. In Chapter 4,

the animation geometry compression method for multi-object 3D animations is presented. It discusses

the proposed object-based PCA (OPCA) method for geometry compression of IMO-3D and BIMO-

3D animations. Chapter 5, presents an overview of the different distortion metrics (DMs) that

are usually used for the performance evaluation of 3D mesh compression algorithms. An improved

perceptual DM has been proposed for 3D animation to overcome the limitations of the existing DMs.

In Chapter 6, the conclusions are drawn with a summary of the major contributions from this thesis

work and future scopes for research are presented.
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2. Animation Geometry Compression using the Subtractive Clustering based CPCA

2.1 Introduction

This chapter investigates the issues in the compression of geometry data of isomorphic 3D anima-

tions. The main goal is to compress the time varying geometry data across the animation frames. The

connectivity data are constant throughout the animation duration satisfying the graph isomorphic

property. The compression methods include the individual compression of the connectivity and the

geometry data. The connectivity is compressed using a lossless algorithm, whereas the geometry data

are compressed in a lossy way followed by quantization and the entropy coding. For single rate com-

pression, the principal component analysis (PCA) is a useful tool for achieving the best compression

performance as reported in the literature [7], [3], [9]. The PCA is a statistical method mainly used to

reduce the dimensionality of data in the off-line mode. It takes the full animation geometry data at a

time and finds the directions of the largest data variances called the principal directions or principal

components (PCs). The required number of PCs, which are orthonormal to each other and form the

principal axes of a new coordinate system, is selected in order of their importances. The original data

are then transformed on to these principal axes to get the projected data called the PC coefficients. As

the transformed data have reduced dimension compared to the original data, the PCA is basically a

lossy compression technique. However, the amount of loss can be controlled by required reconstruction

quality. In this chapter, we have applied the PCA on the clusters of vertex trajectories for dimension-

ality reduction of geometry data. The work mainly investigates on improving the performance of the

clustered PCA (CPCA) algorithms. To initialize the clustering process with stable cluster centres, a

density function based detection of initial cluster centre trajectories is proposed.

The rest of the chapter is organised as follows: Section 2.2 gives an overview of the PCA based

animation geometry compression methods. In Section 2.3, an overview of the algorithms that have

integrated clustering technique along with the PCA method for animation geometry compression is

presented. The details of the CPCA algorithm and the issues associated with the improvement of

the CPCA algorithm are also discussed. In Section 2.4, the details about the proposed subtractive

clustering based CPCA (S-CPCA) method are presented. Section 2.5 presents experimental results

and the concluding remarks are made in Section 2.6.
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2.2 Animation geometry compression using the PCA

There are a number of variants of PCA based compression methods for 3D animation geometry.

Alexa and Müller [7] pioneered the use of the PCA for compressing the geometry of a 3D animation.

The PCA is applied in the temporal direction of the frame-based animation geometry matrix A (given

by Equation (1.6)) to represent each frame as a linear combination of a set of uncorrelated basis vectors

called eigen shapes (eigenframes). Before the application of the PCA, all the frames are normalized

by translating their centres of masses to the origin. The compression scheme is lossy and the amount

of loss is controlled by the required compression ratio or the visual reconstruction quality.

Consider the animation geometry matrix A =
[
a1 |· · · |ai |· · · |aNf

]
3Nv×Nf

with Nv number of

vertices and Nf number of frames as given by Equation (1.6). The algorithmic steps for the PCA

based compression of A matrix are given below.

A. PCA encoding steps

(i) Compute the mean frame vector mA of the geometry matrix A as

mA =
1

Nf

Nf∑
i=1

ai (2.1)

(ii) Subtract the mean frame vector mA from each frame of A to get the resulting mean centred

matrix Am as given by

Am =
[
(a1 −mA) | (a2 −mA) | . . . | (aNf

−mA)
]

(2.2)

(iii) Find the covariance matrix

CovA = AmAT
m (2.3)

(iv) Determine the eigenvalues and eigenvectors of CovA using the eigen decomposition given

by

CovA = UΛUT (2.4)

where U is a 3Nv× 3Nv matrix whose columns represent the eigen vectors ui of CovA and

Λ is the diagonal matrix whose diagonal elements are the corresponding eigen values λi.

(v) Arrange the eigenvectors ui in descending order of their corresponding eigen values λi such
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that λ1 ≥ λ2 ≥ · · · ≥ λ3Nv . Select the first c (c << 3Nv) eigen vectors of CovA as per the

compression requirement. These c eigen vectors are the PCs.

(vi) Find the PCA transformed coefficient matrix Y of size (c×Nf ) as given by

Y = UT
c Am (2.5)

where Uc is a (3Nv × c) matrix consisting of the first c PCs of CovA.

(vii) Quantize the elements of mean vector mA, eigenvectors Uc and the PCA coefficient matrix

Y.

B. PCA decoding steps

(i) De-quantize the mean vector mA, the eigenvectors matrix Uc and the coefficient matrix Y

from the encoded bit-stream and reconstruct those as m̃A, Ũc and Ỹ respectively.

(ii) Form the mean matrix µ̃A using the reconstructed mean vector m̃A as

µ̃A = [m̃A |m̃A| · · · | m̃A]3Nv×Nf
(2.6)

(iii) Obtain the reconstructed animation geometry matrix, Ã, as

Ã = ŨcỸ + µ̃A (2.7)

2.2.1 Enhancing the PCA performance

The above PCA based compression scheme does not exploit the temporal coherence among the

vertex trajectories across the frames and hence has poor compression performance. Karni and Gots-

man [3] enhanced the method of [7] by combining the PCA along with linear predictive coding (LPC).

The PCA is applied on the animation geometry matrix A across the frames to exploit the spatial

correlations. The results are a set of PCs (eigenframes) and their corresponding PC coefficients. The

second order LPC was applied on the PC coefficients in the temporal direction to exploit the large

temporal coherence present in the sequence. The PCA-LPC algorithm gives better geometry com-

pression results for the animation sequences that have larger number of frames than the number of

vertices per frame. The disadvantages of the methods are the large memory required for storing the
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autocorrelation matrix given by Equation (2.4) and the significant processing time required for com-

puting the PCs and PC coefficients from CovA. The size of CovA is (3Nv × 3Nv). So, the above

frame-based PCA compression methods are not suitable for the animation sequences having hundreds

of frames and thousands of vertices.

Some of the existing compression schemes have applied the PCA on trajectory space of the ani-

mation geometry matrix B (given by Equation (1.8) in Chapter 1) to exploit the temporal coherence.

Vasa and Skala proposed the Coddyac [34] algorithm by applying the PCA on the trajectory space

of the animation geometry followed by the prediction of the PC coefficients using the parallelogram

local predictor [24]. The prediction residuals are subsequently quantized and entropy coded. The

PCA basis vectors are encoded without quantization. The algorithm gives better RD performance

compared to the PCA-LPC method [3]. The Coddyac algorithm is suitable only for small duration

animation sequences having large number of vertices per frame. An efficient PCA based compression

algorithm called COBRA (Compression of the Basis for PCA Represented Animations) [9] was also

proposed by the same authors to improve the compression performance of [34]. The method uses pre-

diction coding for the PCA basis vectors along with a non-uniform quantization scheme. As in [34],

the PC coefficients are also predicted using the parallelogram predictor. The prediction residuals are

quantized and encoded using the Huffman entropy coder [11]. In [51], the authors suggested further

improvement for the PCA based compression schemes by proposing two geometric predictors namely,

the least square predictor (LSP) and the radial basis function predictor (RBFP). The predictors could

exploit the knowledge about of the geometrical information of the data to provide more accurate

prediction and compact representation. An optimized mesh traversal algorithm for the PCA based

dynamic mesh compression methods was proposed by Vasa [52] to achieve significant data reduction.

There are a few compression methods proposed by combining the clustering technique with the

PCA algorithm. Sattler et al. [8] proposed to combine the clustering technique with the PCA, which is

called the clustered PCA (CPCA). The initial step is to make spatial clusters of the vertex trajectories

stored in the animation geometry matrix B using the Lloyd’s algorithm [53]. The PCA is then applied

individually on each cluster to select the required number of eigen vectors (eigen trajectories) and the

corresponding PC coefficients per cluster. The CPCA scheme is reported to give better results than

the PCA-based and PCA-LPC methods in terms of the animation reconstruction error. Amjoun and
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Straßer [43] developed a new local PCA (LPCA)-based animation compression method by clustering

the trajectories using a local similarity measure and expressing each trajectory in a local coordinate

frame defined for each cluster. Additionally, a bit allocation scheme is applied to assign more bits to

clusters where more basis vectors and PC coefficients are required to achieve the desired precision.

Results indicate that the LPCA has better compression performance than the CPCA and other pre-

vious methods for animation sequences with large number of vertices per frame. In [54], Luo et al.

presented a PCA based compression method for 3D mesh sequences using temporal segmentation of

the frames. The frames are grouped into clusters of varying lengths based on their pose similarity after

eliminating the global rigid transformation from each frame. The PCA is applied on each cluster to

represent the frame coordinates in a reduced dimension. An intra-cluster compression method using

linear coding based on pose similarity (LCPS) is used to achieve minimum reconstruction error by

exploiting the temporal coherence among the PCA transformed motion fragments within the clusters.

This compression method is beneficial for 3D mesh sequences which have larger number of frames

than the number of vertices and contain frame data with repetitive motion over the sequence.

The literature review suggests that many of the existing methods for animation geometry compres-

sion use the PCA as the important block for compression. The PCA approaches are efficient because

it analyses the coherence of the entire sequence. They are best known as global compression methods

and give best compression results when processed off-line on the 3D animation data. As per the sur-

vey, it is found that compared to the direct PCA, the PCA on clusters provides better compression

of animation geometry by exploiting both the spatial and temporal coherence across the sequences.

Because clustering makes grouping of the vertices of frames such that those belonging to the same

cluster have similar motion trajectories or shapes. Moreover, in the clustering based PCA methods,

the number of PCs required to describe the motions or shapes in each cluster is usually much smaller

than the number of PCs without clustering. This work also aims at investigating the potential of the

PCA as an animation compression tool when combined with better clustering methods. The details

of the CPCA algorithm are presented in the subsequent sections.
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2.3 Animation geometry compression using the CPCA

In the CPCA method [8], the vertex trajectories in the animation geometry matrix B are grouped

into clusters based on their minimum reconstruction errors with respect to the PCs obtained applying

the PCA of each cluster. The method uses a combination of clustering and the PCA on the clusters

in each iteration and selects the final clusters for the vertex trajectories using a reconstruction error

metric. The steps of the CPCA method is summarized below:

1) For the given parameters K and c, initialize a set of K cluster-centre trajectories Xc ={
tcj , j = 1, . . . ,K

}
randomly from the set of Nv vertex trajectories in the 3Nf - dimensional

space. Assign a set of c orthonormal vectors, Uj =
{

ujh ∈ R3Nf , h = 1, · · · , c, j = 1, · · · ,K
}

to

each cluster j.

2) Group the vertex trajectories ti ∈ R3Nf , i = 1, · · · , Nv into K sets of cluster, Φj , by assigning

them into the closest cluster-centre tcj . The distance to a cluster-centre tcj is based on the

squared reconstruction error and given by

∥∥∥ti − t̃ji

∥∥∥2 =

∥∥∥∥∥ti − tcj −
c∑

h=1

〈
ti − tcj , u

j
h

〉
ujh

∥∥∥∥∥
2

, i = 1, · · · , Nv, j = 1, · · · , k. (2.8)

where t̃ji is the reconstructed vertex trajectory with respect to the basis vectors of cluster j.

3) Compute the new cluster centre trajectories tcj by averaging the vertex trajectories in Φj .

4) Apply the PCA on each cluster and select a new set of c basis vectors (eigen trajectories) Uj

per cluster based on their eigen values.

5) Iterate steps 2 to 4 until the change in average reconstruction error of the vertex trajectories

falls below a given threshold.

6) For each trajectory ti, store the cluster index j in an array of cluster index Ic(i) which it

belongs to.

7) For each cluster j,

a) Project the vertex trajectories Φj onto the subspace spanned by basis vectors Uj and get

the PC coefficients Yj .
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b) Quantize the elements of Uj , Yj and mean trajectory vector tcj by using a uniform quan-

tizer.

8) Encode the the cluster index vector Ic and the quantization indices from the clusters using

an entropy coder to get the compressed geometry data.

9) Encode the connectivity information separately using the Edgebreaker [30] connectivity com-

pression algorithm.

The success of the above CPCA algorithm mainly depends on the effectiveness of the clustering

process. We have observed the following issues associated with the CPCA algorithm as discussed

below:

(i) In the CPCA algorithm, the clustering process starts with the random selection of initial cluster

centres. Because of this, the CPCA algorithm does not necessarily give the optimal partitions

of the vertex trajectories in each run, as it may converges to numerous local minima instead

of the global minimum. So, it gives different compression performance at different runs of the

algorithm on the same animation data. Therefore, there is a scope for improving clustering

process by proper initialization of cluster centres instead of random initialization. This may give

better results in terms of compression performance.

(ii) The number of clusters are manually decided in the case of the CPCA. There is a scope for

automatically select the number of clusters for the optimal performance using a cluster validity

index parameter.

(iii) The CPCA algorithm uses a uniform quantization scheme for quantizing the elements of PCs and

PC coefficients for each cluster. The performance can be further improved by implementing a

non-uniform bit-allocation scheme for the PCs and the PC coefficients belonging to each cluster.

Based on the above observations, this chapter aims at carrying out the following investigations for

improving the performance of the CPCA algorithm with better clustering of vertex trajectories.

(i) The random initialization of the cluster centres in the CPCA algorithm is proposed to be replaced

by a stable initialization method of cluster centres using the subtractive clustering (SC) technique

[55]. This will lead to stable compression performance in each run of the algorithm.
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(ii) A non-uniform quantization scheme has been applied to select a set of quantization bits for each

cluster based on the RD criteria. The set of quantization bits are used to quantize the elements

of PCs, PC coefficients and the mean trajectory vector in each cluster.

(iii) An improved arithmetic coding is proposed for the lossless encoding of the non-uniform quanti-

zation levels.

2.4 Proposed subtractive clustering based CPCA method

This section presents a novel subtractive clustering (SC) based CPCA (S-CPCA) method using

K-means clustering combined with the SC algorithm. The SC algorithm is applied to initialize the

K-means clustering process with stable cluster centres. A non-uniform quantizer is used to quantize

the elements of PCs and PC coefficients belonging to each cluster. The quantized levels of PCs and

PC coefficients in each cluster are encoded with a proposed block based arithmetic coding to get better

compression gain. The details about the SC algorithm, the non-uniform quantizer and block-based

arithmetic coder are presented.

Subtractive clustering of vertex trajectories

The SC algorithm is a density function based unsupervised data analysis tool. It finds the cluster

centres based on the density values (also called potential values) of the data points in the feature

space. It considers each data point as the candidate for a potential cluster centre. The potential value

at each data point is calculated based on its distance from the other data points. The data point

with the highest potential value is selected as the first cluster centre. After that, the potentials of all

the data points within a predefined radius of the detected cluster centre are removed. The algorithm

then finds the point with the next highest potential value and selects that as the next cluster centre.

This procedure is repeated until a predefined criterion is met or the desired number of clusters are

obtained. The SC algorithm is a fast, one-pass algorithm for estimating the number of clusters and

provides a set of cluster centres from the data set for some input parameters. The estimated cluster

centres can be either directly used for approximate clustering purpose or they can be further used as

initial cluster centres for the iterative optimization based clustering methods like K-means [56], fuzzy

K-means(FKM) [57], [58] and particle swarm optimization (PSO) [59] etc. The mathematical details
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of the SC algorithm is presented below.

Consider the set of Nv vertex trajectories {t1, t2, . . . , tNv} ∈ R3Nf in the 3Nf -dimensional space

of the animation matrix B as the set of data points. To find a set of K cluster centre trajec-

tories, {tc1 , tc2 , . . . , tcK} ∈ R3Nf , the trajectory vectors are normalized in each dimension using

tdi =
tdi−min{td}

min{td}−max{td} , i = 1, · · · , Nv, d = 1, · · · , 3Nf such that their coordinate ranges are equal

in each dimension, i.e. they are bounded by a hypercube. Since each trajectory vector is a candidate

for cluster centres, the potential value at a vertex trajectory ti is computed as

Pi =

Nv∑
j=1

exp

(
−‖ti − tj‖2(

ra
2

)2
)
, i = 1, · · · , Nv. (2.9)

where ‖ti − tj‖2 is the square of the distance between any two vectors ti and tj and ra > 0 is a constant.

Since the potential value calculated for each trajectory is a function of its distances from all other

trajectories, a vertex with many neighbourhood vertices which are moving coherently across whole

animation frames will have high potential value. The constant ra is effectively a radius of influence of

the neighbourhood vertex trajectories on the potential value. After calculating the potential at all the

trajectories, a cluster centre tck is selected at the trajectory vector which has the highest potential

value and its potential value P ∗ck is given by

P ∗ck = max
i
{Pi} , i = 1, · · · , Nv (2.10)

The potentials of all the trajectories are subsequently modified as

Pi = Pi − P ∗ck exp

(
−‖ti−tck‖

2(
rb
2

)2
)
, i = 1, · · · , Nv (2.11)

where rb > 0 is a constant defining a neighbouring radius such that trajectories within this radius will

have measurable reduction in the potential value. Because of this modification, the vertex trajectories

near the cluster centre tck will have significantly reduced potential and are very unlikely to be selected

as the cluster centre during next iteration. The value of rb is normally larger than ra to avoid closely

placed cluster centres and it is generally taken greater than ra or 1.5ra as suggested in [55]. After

revising the potential of all the vertex trajectories, the next cluster centre tck+1
is selected at the

vertex trajectory having the highest among remaining potential values. The effects of this cluster

centre tck+1
are again removed using Equation (2.11). This subtractive iterative process is repeated
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until sufficient number of vertex trajectories are obtained as the cluster centres for an input threshold

δ for the potential.Thus the iteration stops when

P ∗ck
P ∗c1

< δ. (2.12)

where P ∗c1 is the potential of the first cluster centre. There are other criteria for stopping clustering

process as well as selecting and rejecting vertex trajectories as cluster centres based on acceptance

and rejection parameters as stated in [55].

Non-uniform bit allocations

The signal energy of the original animation geometry data gets concentrated in the first few PCs

after the PCA decomposition. Hence, a good approximation of the original data can be obtained by

using only the first few PCs and the corresponding PC coefficients. These PCs are usually arranged

in the descending order of their eigen values and the required number of PCs is selected based on an

input threshold value for cumulative energy content in the eigen values. Since the elements of PCs

and the PC transformed coefficients are floating-point numbers, it is necessary to quantize them prior

to storage/communication. The quantization can be done either in a uniform or in a non-uniform

way. In uniform quantization, the elements of all the PCs and the corresponding PC coefficients are

quantized with a fixed number of bits. This process may not give the optimal RD performance since

it does not consider the importance of the PCs according to their eigen values. It will be, therefore,

advantageous if the quantization bits for the elements of individual PCs are determined based on

their eigen values. In this scheme, each cluster is allotted a number of bits according to the number

of selected PCs in the cluster. The available bits for a cluster is non-uniformly allotted to each PC

according to the corresponding eigen value. The elements of a PC and the corresponding transformed

coefficients are uniformly quantized into a number of levels determined by the number of bits allocated

for the PC. Heu et al. [60] developed an RD optimised bit allocation scheme for the singular vectors

in an SVD-based compression scheme for the animation geometry. According to this scheme, the

quantization step size si for the ith singular vector is given by

si =
σ1
σi
s1 (2.13)
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where s1 is a reference step size for the first singular vector and σis represent the singular values. Note

that the eigen value λi and the corresponding singular value σi are related by the relation

σi =
√
λi (2.14)

Using Equation (2.13) and (2.14), the number of bits qi allotted to quantize the ith PC is obtained as

qi = q1 −
⌈

1

2
log2

(
λ1
λi

)⌉
(2.15)

Each element of ith PC and the corresponding transformed vector are uniformly quantized with qi

bits.

Proposed block arithmetic coding for quantization levels

To get better coding efficiency in terms of transmission and storage, the quantized levels of the

PCs and the corresponding PC coefficients are encoded in lossless manner using an entropy encoder.

The application of an entropy coding helps in achieving additional compression in terms of bitrates by

encoding the quantization levels more compactly based on their statistical characteristics. In general,

Huffman and arithmetic codings are used in the entropy coding stage. The advantage of an arithmetic

encoder compared to a Huffman encoder is that it operates on a group of symbols and assigns fractional

bits to the symbols based on their probabilities. On the other hand, a discrete number of bits are used

for each symbol in the Huffman encoder. In this work, we have proposed a block based arithmetic

coding for the quantization levels of the PCs and PC coefficients of the vertex trajectories in each

cluster. The scheme works as follows:

(i) For each cluster, group together the quantization levels of the PCs which are quantized with

same qi as a block. The number of blocks for each cluster is equal to the number of different

non-uniform quantization bits assigned for that cluster. Encode the levels in each block in a

lossless manner by applying the arithmetic coding.

(ii) Similarly, group together the quantization levels of the PC coefficients in each cluster which are

quantized with same qi as a block and encode the levels in each block by applying the arithmetic

coding.

The block based arithmetic encoding exploits the redundancy in quantization levels in a better way
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compared to the arithmetic encoding of all the quantization levels together per cluster.

2.4.1 S-CPCA encoder

The block diagram of the encoder and the decoder for the proposed S-CPCA method is shown in

Figure 2.1.
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Figure 2.1: Block diagram of the encoder and the decoder of proposed S-CPCA method

The trajectory based animation geometry matrix B is given as the input to the encoder. The

encoder uses the SC algorithm to select K vertex trajectories as the initial cluster centres. The

stable cluster centres obtained from the SC algorithm are used to initialize the K-means clustering

algorithm to group the vertex trajectories based on the temporal information of the vertex positions

across the frames. The K-means algorithm optimizes the clustering of vertex trajectories based on an

objective cost function. The PCA is then applied individually on each cluster to select the optimum

number of eigen trajectories or PCs. The selection of the optimum number of PCs per cluster is

decided by the input threshold value for the cumulative energy content in the eigen values. The vertex

trajectories belonging to each cluster are then projected onto the space spanned by the PCs to get the

PC coefficients. The set of PCs, PC coefficients and the mean trajectory vector for each cluster are

quantized using the proposed non-uniform quantizer. The algorithm steps for the proposed S-CPCA

method are described below:

Algorithmic steps for the S-CPCA method

(i) Given the number of clusters K, compute the density or potential value Pi at each vertex tra-

jectory ti, i = 1, . . . , Nv using the Eq. (2.9).

(ii) Initialize k=1
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(iii) Select the cluster centre trajectory tck as the trajectory having the largest potential value P ∗ck

as given by the Eq. (2.10).

(iv) Revise the potential value Pi of each vertex trajectory ti using Equation (2.11).

(v) Increment k by 1 and continue this subtractive process to find the next cluster centres by iterating

steps (iii) and (iv) until K cluster centres are obtained.

(vi) Apply the K-means clustering algorithm on the vertex trajectories with the above cluster centres

as the initial cluster centres to get the optimum clusters of vertex trajectories and the cluster

index vector. The similarity between two vertex trajectories is measured by their Euclidean

distances from the cluster centres instead of the reconstruction error metric for the trajectories

as used in the CPCA algorithm [8]. The steps for the K-mean based clustered PCA are as follow:

(a) Initialize the K-cluster centre trajectories tcj , j = 1, . . . ,K as the output of step (v).

(b) Find the square of the Euclidean distances of all the Nv trajectories from each of the centre

trajectories tcj and put them in a distance matrix Dt given by

Dt = [dij ] =
[∥∥ti − tcj

∥∥2] , i = 1, . . . , Nv (2.16)

(c) Assign each trajectory ti to its nearest cluster centre based on minimum distance from the

matrix Dt and store the cluster number it belongs to in an array of cluster index Ic given

by

Ic(i) = arg
j
{min [dij ]} (2.17)

(d) Update the vertex trajectories in each cluster Φj , j = 1, . . . ,K using the cluster index Ic

as given by

Φj = {tIc(i) | Ic(i) = j}, i ∈ {1, . . . , Nv} (2.18)
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(e) Update the cluster centres tcj with the mean of the vertex trajectories belonging to that

cluster as given by

tcj =
1

|Φj |
∑
m∈Φj

tm (2.19)

where
∣∣Φj
∣∣ is the number of vertex trajectories in cluster Φj .

(f) Repeat the above steps (b), (c), (d) and (e) until there is no change in the cluster index Ic.

(vii) Apply the PCA on each cluster Φj and select the required number of PCs per cluster, Uj , based

on the given threshold energy value, λTh, representing the percentage of cumulative energy

contained in the ordered eigen values.

(viii) Compute the PC transformed coefficients per cluster, Yj , by projecting the vertex trajectories

on the space spanned by the PCs in Uj .

(ix) Allocate a set of non-uniform quantization bits for the PCs in Uj and the corresponding PC

coefficients in Yj for each cluster j using Equation (2.15). Quantize the elements of each PC

and the corresponding PC coefficients uniformly with the allotted quantization bits. Encode the

sets of non-uniform quantization bits for each cluster and send it to the decoder.

(x) Group the quantization levels of the PCs quantized with same quantization bit for each cluster

and encode them using block arithmetic coding to gain compression efficiency. Similarly, quan-

tization levels for PC coefficients per cluster are grouped and encoded with block arithmetic

coding.

(xi) Quantize the elements of mean trajectory vectors tcj for each cluster using an uniform quantizer

and encode the quantization levels using the arithmetic encoder.

(xii) Encode the vector Ic representing the cluster indices of the vertex trajectories using an arithmetic

encoder and send along the compressed bit-stream.

2.4.2 S-CPCA decoder

The decoder reads the compressed bitstream from the encoder and performs the following steps

to reconstruct the animation geometry data.
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(i) Decode the group of quantization levels of the elements of PCs and the PC coefficients for each

cluster by applying the arithmetic decoder in blocks.

(ii) Perform de-quantization of the elements of the PCs and PC coefficients for all the clusters using

the non-uniform quantization bits assigned for them.

(iii) Decode the quantization levels of the elements of mean trajectory vectors for all the clusters

using the arithmetic decoder and de-quantize them uniformly.

(iv) Reconstruct the vertex trajectories for each cluster by applying the PCA decoding steps on the

de-quantize PCs, PC coefficients and the mean trajectory vectors.

(v) Decode the cluster index vector using the arithmetic decoder and re-arrange all the vertex

trajectories based on the cluster index vector to get the reconstructed animation geometry

matrix B̃.

2.5 Experimental results

2.5.1 Details of animation sequence

To study the performances of the proposed S-CPCA method, standard test 3D animation sequences

are considered. The details about the sequences are shown in Table 2.1.

Table 2.1: The details of 3D animation sequences

Name Vertices (Nv) Triangles (Nt) Frames (Nf)

Face 757 1468 950

Cow 2904 5804 204

Dolphin 6179 12337 101

Chicken 3030 5664 400

Dance 7061 14118 201

Snake 9179 18354 134

Jump 15830 31660 222

Cloth 9987 19494 200

MocapDance 14409 28648 263

All these sequences are isomorphic animation sequences with constant connectivity across the

frames. The frame-wise geometry and connectivity data for the 3D animation are read and stored in

matrix B and Cd respectively. The connectivity information is compressed in lossless manner using
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the TFAN encoder discussed in Section 1.3.6. The proposed algorithm mainly focuses on compressing

the geometry data in B. Experiments are carried out to evaluate the compression performance of the

proposed method using the widely used distortion metrics such as KGerr and STED as presented in

Section 1.4. The values of these metrics are evaluated against different target bpvf values to get RD

performances for the proposed method.

Experimental results for random-initialization CPCA method

In the first set of experiments, we apply the existing CPCA algorithm on different 3D animation

sequences with the random initialization of the cluster centres. A uniform quantization factor of q = 16

bits to quantize the elements of PCs, PC coefficients and the mean trajectory vector of each cluster.

The performance is measured in terms of the CR, the KGerr and the bpvf . Table 2.2 shows the result

of applying this method on the “Chicken” sequence.

Table 2.2: Results using CPCA method (random initialization) on “Chicken” sequence

(a) Results using energy threshold per cluster

Selection of eigen vectors per cluster based on
total energy threshold of λTh = 99.9%

Run No. of Total Eigen CR KGerr bpvf
No. clusters (K) vectors
1 5 64 28.838 0.187 1.652
2 5 61 30.399 0.188 1.566
3 5 59 30.238 0.159 1.575
4 5 64 28.838 0.187 1.652
5 5 58 30.969 0.173 1.537

(b) Results using fixed no. of eigen vectors

Selection of fixed no. of eigen vectors per cluster (c=12)

Run No. of Total Eigen CR KGerr bpvf
No. clusters (K) vectors

1 5 50 36.605 0.425 1.289

2 5 50 36.605 0.392 1.289

3 5 50 36.605 0.484 1.289

4 5 50 36.605 0.388 1.289

5 5 50 36.605 0.495 1.289

In Table 2.2(a), the results are shown by selecting the eigen vectors per cluster based on cumulative

energy threshold value of λTh = 99.9%. The input cluster value is K = 5 for which the algorithm is

executed for 5 runs. At the first run, the total number of eigen vectors are 64 for the above energy

threshold value. This run results in CR value of 28.838, KGerr value of 0.187 and bpvf value of

1.652. The minimum KGerr value 0.159 is obtained at the third run which has selected total 59 eigen

vectors across the clusters resulting CR value of 30.238 with bpvf value of 1.575. In Table 2.2(b), fixed

number of eigen vectors are chosen per cluster and the metrics CR, KGerr and bpvf are evaluated for

5 runs. The lowest KGerr value 0.388 is obtained at the fourth run which gives CR value of 36.605

with the corresponding bpvf value of 1.289 for total number of eigen vectors 50. These results for

5 runs demonstrate the unstable compression results of the CPCA method. This is due to random
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initialization of the cluster centres in each run.

2.5.2 Experimental results for S-CPCA method

In this section, the proposed S-CPCA method is evaluated on different 3D animation sequences to

evaluate the compression performance.

Experimental results for S-CPCA method using uniform quantizer

Table 2.3 shows the results obtained using the proposed S-CPCA method without the proposed

bit-allocation and the block arithmetic coding steps on the “Cow” animation.

Table 2.3: Stable performance results using the S-CPCA method

Selection of eigen vectors per cluster based on λTh = 99.9%

Run No. of clusters (K) EVs per cluster CR bpvf KGerr

1 5 14, 12, 13, 14, 8 23.1506 2.2224 0.5500

2 5 14, 12, 13, 14, 8 23.1506 2.2224 0.5500

3 5 14, 12, 13, 14, 8 23.1506 2.2224 0.5500

4 5 14, 12, 13, 14, 8 23.1506 2.2224 0.5500

5 5 14, 12, 13, 14, 8 23.1506 2.2224 0.5500

A uniform number of 16 bits are allocated to quantize the elements of PCs, the PC coefficients and

the mean trajectory vector of each cluster. The number of input clusters is K = 5 for which the

algorithm is executed for 5 runs. The threshold value of λTh = 99.9% selects 14, 12, 13, 14 and 8

number of PCs in the corresponding clusters. It has been observed that each run of the S-CPCA

algorithm gives consistent results with KGerr value of 0.5500 at bpvf value of 2.2224 with CR value

of 23.1506. It may be due to the stable cluster centres obtained through the SC algorithm. This

results in consistent clusters of vertex trajectories using the K-means algorithm. Figure 2.2 shows the

frame-wise clustering results after application of the S-CPCA method using the uniform quantization

method in encoding stage for “Cow”, “Chicken”, “Dolphin” and “Dance” animation sequences. The

black stars, ∗, in each figure indicate the cluster centre for each cluster. In this case, the cluster centres

will always remain same with identical cluster indices for vertex trajectories in each iteration. This is

because of finding out the stable cluster centres based on the density function. This is the advantage
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Seq:cowheavy,   Frame No. =100,   No. of Clusters (K) =5

(a) ‘Cow’ with K=5

Seq:chicken,   Frame No. =308,   No. of Clusters (K) =7

(b) ‘Chicken’ with K=7

(c) ‘Dolphin’ with K=5

Seq:dance,   Frame No. =40,   No. of Clusters (K) =7

(d) ‘Dance’ with K=7

Figure 2.2: Frames from different animation sequences showing the clustering results
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Table 2.4: Comparative results using proposed S-CPCA method and the CPCA method

Proposed S-CPCA method CPCA method

No. of c CR KGerr bpvf CR KGerr bpvf
clusters per

(K) cluster

“Dolphin”

2 10 25.08 0.029 1.86 25.08 0.029 1.86

3 10 24.01 0.015 1.95 24.01 0.015 1.95

4 10 23.03 0.009 2.03 23.03 0.010 2.03

“Chicken”

5 5 67.11 1.062 0.70 67.11 1.064 0.70

5 10 36.61 0.425 1.30 36.61 0.451 1.30

5 20 19.17 0.038 2.49 19.17 0.091 2.49

“Cow”

5 10 27.09 0.748 1.75 27.09 0.854 1.75

5 20 14.19 0.291 3.36 14.19 0.376 3.36

10 10 17.90 0.484 2.65 17.90 0.472 2.65

of obtaining stable centres using the proposed S-CPCA method compared to the random initialization

of the cluster centres in the CPCA method.

The performance metrics obtained using the proposed S-CPCA method with the uniform quan-

tization bits for different number of clusters (K) and eigenvectors per cluster (c) are listed in Table

2.4. In this experiment, we have taken ra = 0.6325, rb = 1.414ra, and a uniform quantization factor

of q = 16 bits to quantize the PCs, PC coefficients and the mean trajectory vector of each cluster. We

have also shown the results obtained using the CPCA method (average from 20 runs) for comparison.

From the results, it has been observed that for fixed number of PCs (c) per cluster, the proposed

S-CPCA method gives better KGerr for the same CR and bpvf compared to the CPCA method for

the “Chicken”, and “Cow” sequences whereas for the “Dolphin” animation sequence, it gives almost

similar results as the CPCA. Figure 2.3 shows one original and one reconstructed frame each from

the “Cow”, “Chicken” and “Dance” animation sequences that were compressed using the proposed

S-CPCA method with uniform quantizer for K=5 clusters and c=10 per cluster. The decompressed

results with CR values 27.09 in the case of “Cow” sequence, 36.61 in the case of “Chicken” sequence

and 38.42 in the case of “Dance” sequence show negligible visual artifacts.
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(a) (b)

(c) (d)

(e) (f)

Figure 2.3: (a) Original and (b) reconstructed frames (f = 41) of “Cow” sequence, (c) original and (d)
reconstructed frames (f = 41) of “Chicken” sequence, (e) original and (f) reconstructed frames (f = 100) of
“Dance” sequence
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Experimental results for S-CPCA method using non-uniform quantizer and block-based
arithmetic coding

Next we apply the S-CPCA method as described in the S-CPCA algorithmic steps. The method

has been evaluated using the parameters K = 5, ra = 0.6325, rb = 1.414ra, λTh = 99.9% for different

target bpvf . The final number of PCs per cluster (c) depends on target bpvf . The qref for the

non-uniform quantizer is varied from 16 bits to 8 bits. The experimental results are evaluated with

the results of the S-CPCA method with uniform quantization. The results of both the quantization

methods are shown in Figure 2.4.
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Figure 2.4: Comparison of RD performances between uniform and non-uniform quantization method using
the KGerr metric on a few 3D animations: (a) “Cow” sequence, (b) “Chicken” sequence, (c) “Dance” sequence
and (d) “Dolphin” sequence
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In Figure 2.4(a), distortion metric KGerr has been plotted for different target bpvf values for the

“Cow” sequence. The performance in terms of KGerr for the method with non-uniform quantization

bits is found better than the uniform quantization bits for all bpvf values. Similarly, for other three

sequences namely, “Chicken”, “Dance” and “Dolphin”, the RD performances are found to be superior

for the S-CPCA algorithm with non-uniform quantizer bits and the results are shown in Figures

2.4(b), 2.4(c) and 2.4(d) respectively. Thus, the proposed S-CPCA method gives better performance.

To validate it further, we have also evaluated RD performances in terms of the STED metric for the

above four animation sequences and the results are shown in Figure 2.5.
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Figure 2.5: Comparison of RD performances between uniform and non-uniform quantization method using
the STED metric on a few 3D animations: (a) “Cow” sequence, (b) “Chicken” sequence, (c) “Dance” sequence
and (d) “Dolphin” sequence
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In Figure 2.5(a), distortion metric STED has been plotted vs target bpvf values for the “Cow”

sequence. The performance in terms of the STED metric for the S-CPCA algorithm with the non-

uniform quantization bits is also found better than the S-CPCA with uniform quantization. For

“Chicken”, “Dance” and “Dolphin” sequences, the RD performances in terms of the STED metric

are also found better for the non-uniform quantization case. The respective plots are shown in Figures

2.5(b), 2.5(c) and 2.5(d). So, for both the distortion metrics (KGerr and STED), the proposed

S-CPCA method results in higher compression performance.

2.5.3 Comparison of performance of S-CPCA with other methods

In this section, the performance of the proposed S-CPCA method is compared with the existing

CPCA [8] and LPCA [43] methods. The results for the CPCA and the LPCA methods are taken

directly from the respective papers. The comparisons are made using the KGerr metric obtained for

an input target bpvf value. Since, for a given target bpvf, the selection of exact number of clusters

K depends on many factors like values of qref , Nv, Nf and c per cluster, we have applied a trial and

error method to find the value of K for different animations for a target bpvf . It has been observed

through experiments that the values of K from 5 to 8 provide good compression results for most of

the animations. We have taken K = 5 for our methods based on the above facts. The performance

comparisons are shown in Tables 2.5, 2.6 and 2.7 for the “Cow”, “Chicken” and “Dolphin” sequences

respectively.

Table 2.5: Comparison of proposed S-CPCA with other methods on“Cow” sequence

Method
“Cow” Sequence

K c per cluster KGerr bpvf

S-CPCA (non-uniform q-bit)

5 33,27,30,32,20 0.1740 2.0924

5 51,44,44,50,31 0.0737 3.3308

5 73,64,56,72,47 0.0294 5.0713

CPCA [8]

5 10 1.47 2

5 20 0.5 3.8

5 40 0.16 7.4

LPCA [43]

10 10 1.22 2.2

30 20 0.47 4.1

30 20 0.128 6.8

Table 2.5 shows the KGerr value 0.1740 for target bpvf value ≈ 2 for the S-CPCA method, whereas
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the KGerr values 1.47 and 1.22 are found for CPCA and LPCA methods respectively at the same

bpvf value. Similarly, at other bpvf values, the proposed method gives better KGerr values than the

CPCA and the LPCA methods.

Table 2.6: Comparison of proposed S-CPCA with other methods on “Chicken” sequence

Method
“Chicken” Sequence

K c per cluster KGerr bpvf

S-CPCA (non-uniform q-bit)

5 33,25,12,24,27 0.0059 1.8439

5 50,42,25,48,48 0.0031 2.9296

5 81,73,45,86,85 0.0031 3.8622

CPCA [8]

5 20 0.139 2.8

10 20 0.076 4.7

2 60 0.002 8.7

LPCA [43]

10 10 0.057 1.5

20 10 0.043 2.2

20 20 0.008 3.5

Table 2.7: Comparison of proposed S-CPCA with other methods on “Dolphin” sequence

Method
“Dolphin” Sequence

K c per cluster KG err bpvf

S-CPCA (non-uniform q-bit)

5 16,16,16,13,21 0.0036 1.8053

5 30,30,31,22,38 0.0028 2.7045

5 50,50,51,37,63 0.0028 3.2907

CPCA [8]

2 10 0.168 2.1

4 10 0.033 4.1

2 20 0.024 7.1

LPCA [43]

10 5 0.066 1.9

20 5 0.018 2.1

20 10 0.016 3.9

Tables 2.6 and 2.7, for the “Chicken” and “Dolphin” sequences respectively, show the minimum

KGerr values for the proposed method. For all the bpvf values, ≈ 1.8439, ≈ 2.9296 and ≈ 3.8622,

the S-CPCA method yields minimum KGerr values from 0.0031 to 0.0059 for the “Chicken” sequence.

Similarly, for the “Dophin” sequence, the KGerr values are found to be minimum for the S-CPCA

method. For the CPCA method, a KGerr value of 0.002 is found at a much higher bpvf value of 8.7

for the “Chicken” sequence. These results establish that the proposed S-CPCA method is superior to

the CPCA and the LPCA methods in terms of compression performance. The RD curves comparing
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the S-CPCA method with CPCA and LPCA methods in terms of KGerr and bpvf values for the

“Chicken” and “Dolphin” sequences are also shown in Figure 2.6. These plots show the improved

compression performance of the proposed S-CPCA method.
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Figure 2.6: Comparison of RD performances of the proposed S-CPCA algorithm with the CPCA and the LPCA
algorithms using the KGerr metric on 3D animations: (a) “Chicken” sequence and (b) “Dolphin” sequence

.

2.6 Conclusions

This chapter presented a novel geometry compression algorithm for 3D animations, which out-

performs the existing algorithms that use clustering based PCA algorithm. The proposed method

provides stable initialization of cluster centres for the K-means clustering algorithm instead of ran-

dom initialization. The stable cluster centres are obtained by applying a density function based

subtractive clustering algorithm on the vertex trajectories. The PCA is applied on each cluster to

represent it with a reduced number of PCs, the corresponding PC transformed coefficients and the

mean trajectory vector. A non-uniform bit-allocation method is also applied to quantize the elements

of PCs and the PC coefficients per cluster. A block based arithmetic coding is proposed to encode the

quantization levels of the PCs and PC coefficients quantized with same bits in a cluster. The com-

pression performance of the proposed S-CPCA algorithm is evaluated in terms of KGerr and STED

metrics for different bitrates measured in terms of the bpbf and compared with other clustered based

PCA methods existing in literature. The proposed S-CPCA method performs better than other PCA

based methods.
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3. Spatio-temporally Scalable Compression of Animation Geometry using SVD

3.1 Introduction

This chapter investigates the compression of 3D animation geometry in a scalable manner. Scal-

ability is emerging as an important issue in the compression of the 3D animation geometry because

of the requirement of visualizing the same animation with different dimensions and qualities in het-

erogeneous networks and in different end-user devices. A scalable geometry compression algorithm

encodes the time varying geometry data in a single bit-stream with different sub-layers and decodes

the bit-stream in layers to view the full animation in multiple scales. The decoded animations will

have varying frame rates, number of vertices per frame or visual qualities in each layer. The above

attributes get enhanced with the decoding of subsequent upper layers.

This chapter proposes an encoder and a decoder structure for achieving the spatio-temporally

scalable compression of the 3D animation geometry. The proposed structures use the singular value

decomposition (SVD) as the primary compression tool. The elements of the spatial and temporal

singular vectors are decomposed into different spatio-temporal layers to get scalable bit-stream. The

encoded bit-stream is arranged in a layered structure to achieve temporal and spatial scalability. The

connectivity data of the animation is assumed to be isomorphic across the frames and encoded at the

beginning of the encoding process using the existing TFAN static mesh compression technique dis-

cussed in Section 1.3.6. The proposed scalable encoder and decoder structures are tested on standard

3D animation sequences. The experimental results show good performance in terms of scalable rates

and distortions.

The rest of the chapter is organized as follows: Section 3.2 discusses the existing literatures on

the scalable compression of the 3D animation geometry. The various approaches for achieving the

temporal, spatial and quality scalable compression of animation geometry are outlined. In section 3.3,

a compression method using the SVD on the trajectory-based representation of animation geometry

matrix has been presented. In section 3.4, the encoder and the decoder structures are presented for

the proposed spatio-temporally scalable geometry compression method. The experimental results are

discussed in section 3.5. We conclude the chapter in Section 3.6.
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3.2 Scalable compression of isomorphic 3D animations - a review

Most of the 3D animation geometry compression algorithms reported in the literature are based on

non-scalable or single-rate compression approach. However, there are a few approaches that present

the scalable compression of 3D animations. Based on the methods used in those scalable algorithms,

they can be broadly classified into four categories as follows:

i) Scalability using the wavelet transform: The multi-resolution property of the discrete

wavelet transform (DWT) has been exploited by many researchers to provide spatial and tem-

poral scalability in the compression of the 3D animations. Payan and Antonini presented a

DWT based compression method [27] for 3D animations, which supports temporal scalability.

Lifting based wavelet filtering was applied in the temporal direction to exploit the temporal co-

herence. A bit allocation scheme [61] was used for sub-bands of wavelet coefficients according to

their contribution in the reconstruction quality. The same authors proposed another method for

spatio-temporal decomposition of 3D meshes using the remeshing technique [41]. The remesher

converts an irregular mesh to a semi-regular mesh which is regular in time and also in space.

Spatio-temporal decomposition is carried out in the semi-regular meshes. Boulfani-Cuisinaud

and Antonini [62] proposed a geometry compression coder combining the temporal wavelet trans-

form (TWT) with a motion-based mesh geometry clustering scheme. The algorithm clusters the

input mesh geometry into groups of vertices having the same affine motion parameters and

employs a scan-based geometrically compensated temporal wavelet filtering. The wavelet coef-

ficients are quantized and encoded using a bit allocation process and the displacement vectors

are entropy encoded. Cho et al. [25] proposed two geometry compression methods for irregu-

lar isomorphic 3D animations. In both the methods, the authors applied exact integer spatial

wavelet analysis (SWA) to reduce spatial redundancy. For exploiting temporal redundancy,

they applied multi-order differential coding (MDC) in one method and the TWT in the other

method. The SWA-MDC method offers spatial scalability while the SWA-TWT method provides

spatio-temporal multi-resolution coding in a scalable way.

ii) Scalability using prediction: Some of the methods have also used geometry based predic-

tive coding schemes for compressing the animations in a spatio-temporally scalable manner.
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The predictive coding method exploits the spatial and temporal correlations present among the

changing vertex locations of the 3D animations. Stefanoski et al. [38] proposed a patch-based

mesh simplification algorithm combined with the linear predictive coding (LPC) approach for

spatial scalability. Each frame of a 3D animation is decomposed into spatial layers of vertices

from coarse (or base) to fine layers based on the connectivity information. The prediction of the

vertex positions in each spatial layer other than the base layer is done by the already encoded

1-ring neighbourhood vertices in the preceding spatial layers. Stefanoski et al. [63] improved

the above method by introducing a non-linear predictor along with the linear predictor. The

selection between linear and non-linear predictors is decided based on minimum prediction er-

ror. In [39], Stefanoski and Ostermann proposed the scalable predictive coding (SPC) algorithm,

which uses the LPC in the rotation-invariant space to compensate the local rigid motion of the

patches. The layer-wise spatial prediction errors are quantized and then coded using the fast

binary arithmetic coding approach [64]. The SPC encoder supports both spatial and temporal

scalability with fast encoding/decoding time and low memory requirements for the efficient com-

pression of the 3D animations. The compression performance of the SPC was further improved

by Bici and Akar [46,65] using their novel prediction schemes. The improvement is obtained by

using a weighted spatial prediction algorithm which gives unequal weights to the topologically

neighbouring vertices during the prediction of vertex locations from previous and current frames.

They have also proposed a novel angle based prediction scheme to predict vertex locations in the

spatio-temporal layers to obtain better bitrates compared to the SPC. However, it requires more

number of operations and higher memory capacity. Both the SPC [39] and the Bici and Akar’s

algorithm [46] are suitable for low-latency mesh sequences in streaming applications. In [50],

Ahn et al. proposed an efficient fine granular scalable coding algorithm for 3D animations,

that supports spatial and temporal scalability. The algorithm decimates only a single vertex in

each successive spatial layer decomposition to support fine granular scalability and uses both

the connectivity and the geometry relationship of vertices to output high quality intermediate

resolution meshes. For supporting temporal scalability, the algorithm uses the hierarchical pre-

diction structure of the H.264 video coding [66]. It also applies an efficient bit-plane coding [67]

along with the CABAC [12] algorithm to encode the spatial and temporal prediction residuals
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for each vertex. The coder is suitable for low latency streaming applications and provides better

reduction in bit rates compared to the SPC [39] and the Bici and Akar’s prediction methods [46].

The topology data which are used for spatial layer decomposition in the encoder as well as in

the decoder are encoded by a low complexity single rate coder TFAN discussed in Section 1.3.6.

iii) Scalability using skinning technique: The skinning technique was proposed by Mamou et

al. [33] to compress the 3D animations by converting them into a more compact skinning-based

representation. In this approach, the mesh vertices are initially segmented into patches consisting

of their neighbourhood vertices. The motion of each patch across the frames are described by a

set of 3D affine transform parameters calculated for each frame with respect to the first frame.

The vertices are then clustered based on their similar affine transform parameters and finally,

the motion of each vertex is estimated as a weighted linear combination of the clusters motions.

The first frame is compressed using a static mesh encoder proposed by Touma and Gotsman [68].

The residual motion compensation errors for all the mesh vertices in the remaining frames are

compressed using a temporal-DCT based encoding scheme. In [42], a method was proposed by

combining the skinning based technique with the linear predictive spatially scalable approach of

Stefanoski et al. [38] to support both spatially and temporally scalable compression. This method

was adopted as a standard by the Moving Picture Experts Group (MPEG) as Amendment 2

of Part 16-AFX (Animation Framework extension) and refereed to as Frame-based Animated

Mesh Compression (MPEG-4 FAMC) [69]. This method provides good compression performance

and supports three modes of compression: (1) downloadable type with no scalability feature,

(2) scalable type supporting both temporal and spatial scalability and (3) streaming type for

low latency applications. Mamou et al. [70] proposed two optimizations for the improvement

of the MPEG-4 FAMC standard. The first improvement employs the PCA on the motion

compensation error residuals. It gives higher compression rates compared to the in-built DCT

and DWT compression of residual errors. The second improvement is the optimised model-based

adaptive quantization of the subbands of DWT coefficients obtained using the temporal wavelet

transform (TWT) of the residual errors.

iv) Scalability using the SVD: Heu et al. [16] proposed a method for SNR and temporally
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scalable coding of isomorphic 3D animations using the SVD and the bit plane coding. The

method applies the SVD on the animation geometry matrix A (Equation (1.6)) and uses the

spatial and temporal basis vectors to represent the mesh sequence in scalable manner. A few of

spatial and temporal basis vectors are selected in decreasing order of their singular values and a

bit plane coding algorithm is used to encode the basis vectors. The importance of each bit plane

in the basis vectors is calculated as per its contribution to the reconstruction quality of the mesh

sequence. The bit planes are transmitted in the decreasing order of their importance to achieve

the SNR scalability. To achieve temporal scalability, the elements of the temporal basis vectors

are arranged in different group of frames (GOF) and the elements within each GOF are placed

in different sub-layers from the base to the higher level layers. A temporal prediction method

is applied among the sub-layers of each GOF to predict the elements in the higher levels from

the base level. The base layer elements and prediction residual vectors of the higher levels are

encoded using bit plane coding and sent to the decoder.

The above literature survey shows that scalable animation geometry compression has its own chal-

lenges, particularly in the spatial scalability issues. The following points are noted:

(i) There exist a few approaches for achieving the temporal and spatial scalability in animation

geometry compression as discussed above. But none of these works have reported the scalability

performance of the methods except the one proposed by Cho et al. [25]. Thus, the scalability

performance for the animation geometry compression is not widely explored.

(ii) It is expected that the application of SVD algorithm on the trajectory based geometry matrix

B (Equation (1.8)) may give better compression results compared to its application on the

geometry matrix A as used in [16]. This is mainly because of the reduction of SVD computation

time and memory requirements. Moreover, the compression method proposed in [16] does not

support spatial scalability. It is expected that the layer decomposition (LD) of the elements of

spatial basis vectors using the LPC method [38] may facilitate the reconstruction of animation

geometry at different spatial layers.

We propose an efficient SVD based spatio-temporally scalable geometry compression algorithm by

using the LPC technique on the elements of spatial basis vectors and the hierarchical prediction
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structure of the H.264 video coding on the temporal basis vectors.

3.3 Proposed compression of trajectory-based geometry matrix us-
ing SVD

The SVD is one of best off-line dimensionality reduction tools for multi-dimensional data. The

SVD based non-scalable geometry compression of a 3D animation is obtained by applying it on the

frame-based animation geometry matrix A as reported in [7]. To reduce the computational time and

memory requirement, the trajectory-based geometry matrix B can be decomposed using the SVD. A

brief overview with mathematical expression to obtain non-scalable compression using the SVD on

matrix B is presented below.

3.3.1 Geometry compression using SVD on matrix B

Using the SVD, the matrix B of size [Nv × 3Nf ] is factored into two orthogonal matrices and one

diagonal matrix and expressed as

B = UsΣsWs
T (3.1)

where Us ∈ RNv×Nv and Ws ∈ R3Nf×3Nf are two orthonormal matrices and Σs ∈ RNv×3Nf is a

diagonal matrix. The columns of Us and Ws matrices contain the basis vectors and are expressed as

Us =

[
u1 u2 · · · uNv

]
(3.2)

and

Ws =

[
w1 w2 · · · w3Nf

]
, (3.3)

where uj ∈ RNv and wj ∈ R3Nf are the jth basis vectors of Us and Ws respectively. The uj

vectors represent the eigen vectors of the symmetric matrix BBT and wj vectors represent the eigen

vectors of the symmetric matrix BTB. They are respectively called the left singular vectors and right

singular vectors of matrix B. The left singular vectors signify the spatial variations of the geometric

components for the Nv vertices and hence, they can be also termed as the spatial singular vectors.

Similarly, the right singular vectors represent the temporal variations of the geometry for Nf frames

with x, y and z component values. Thus, they are termed as the temporal singular vectors. The Σs
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matrix can be expressed in the form as given by

Σs =

 Σ 0r×(3Nf−r)

0(Nv−r)×r 0(Nv−r)×(3Nf−r)

 , (3.4)

where

Σ =



σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr


r×r

(3.5)

and r = min{Nv, 3Nf} represents the maximum rank of the matrix B. The non-negative entries (σjs)

on the main diagonal of Σs are called the singular values of B. The singular values are ordered in

descending order of their magnitudes with σ1 ≥ σ2 ≥ · · · ≥ σr ≥ 0 and accordingly the singular vectors

in Us and Ws are arranged. The r singular values are the square roots of the non-zeros eigen values

of both BBT and BTB. Since, the SVD of matrix B results in r non-zero singular values, Equation

(3.1) can also be represented as the sum of r rank-one matrices obtained from the outer products of

the singular vectors of Us and Ws and is given by

B =

r∑
j=1

Bj =

r∑
j=1

σjujwj
T (3.6)

The magnitude of the singular value σj , decreases exponentially with j as illustrated in Figure 3.1(a)

by plotting the first 40 singular values of the “Cow” animation sequence with Nf = 204 and Nv = 2904.
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Figure 3.1: The magnitude of singular values for “Cow” sequence

It is observed that the magnitude of σ1 is the highest with magnitude of 90. So, the energy, σ1
2, of

the signal spanned by the first left and right singular vectors, u1 and w1 respectively, is the highest.

The signal energy, σ2j , is computed from the singular values and the cumulative energy is plotted in

Figure 3.1(b). It is observed that most of the signal energy is captured by the first few singular values.

Thus it is expected that a good reconstruction of the geometry matrix B may be possible with a few

outer products of singular vectors scaled by the corresponding singular value.

3.3.2 Reconstruction from SVD

The reconstruction of B after the SVD requires both the spatial and temporal singular vectors

and the corresponding singular values. Since the lower order singular values are of negligible energy as

shown in Figure 3.1(a), the outer product of uj and wj is scaled by a very small singular value σj for

a larger j. Accordingly, the signal energy, σ2j , of the scaled outer product Bj = σjujw
T
j also decreases

exponentially. Therefore, the most of the energy of the animation geometry matrix B is concentrated

on the first few outer products. A good approximation of reconstructed geometry matrix B̃ can be

obtained by the sum of the first k (k � r) rank-one matrices. The rank-one matrices are obtained
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from the outer products of the first k singular vectors uj and wj . Thus, B̃ is given by

B̃ =
k∑
j=1

σjujw
T
j =

[
u1 u2 · · · uk

]


σ1 0 0 0

0 σ2 0 0

...
...

. . .
...

0 0 · · · σk





wT
1

wT
2

...

wT
k


(3.7)

The application of the SVD on B facilitates data compression by representing the data using only k

singular values and their corresponding spatial and temporal singular vectors. The selection of k may

be based on the required reconstruction quality of the animation geometry data. Figure 3.2 shows the

reconstructed frame no. 107 of the “Cow” sequence using varying number of singular values and their

corresponding spatial and temporal singular vectors.

Figure 3.2: Reconstructed frames using varying number of spatial and temporal basis vectors for “Cow”
sequence (frame no. 107) : (a) original frame, (b) reconstructed frame using 3 basis vectors, (c) reconstructed
frame using 10 basis vectors and (d) reconstructed frame using 40 basis vectors.

It is observed that the reconstructed frame using 3 basis vectors, shows distortions at many areas

with respect to the original frame shown in Figure 3.2(a). These areas are encircled in Figure 3.2(b).

66TH-2126-06610214



3.4 Proposed spatio-temporally scalable animation geometry coder using the SVD

Similarly, the reconstructed frame using 10 number of basis vectors is shown in Figure 3.2(c). This

frame shows comparatively better reconstruction. Significant distortion is still noticed at many areas

as marked in the figure. When the number of basis vectors are increased to 40, the reconstructed

frame (Figure 3.2(d)) is perceptually almost same as the original frame (Figure 3.2(a)).

3.4 Proposed spatio-temporally scalable animation geometry coder
using the SVD

The compression technique using the SVD on the B matrix as discussed above is not scalable in

nature. For supporting spatial and temporal scalability of the animation geometry, it is required to

encode the geometry data into a single bit-stream so that the decoder can reconstruct the data at

various scales starting from the base layer to the full enhancement layers. We note the following two

properties related to the reconstruction of the geometry data from the SVD on geometry matrix B:

(i) By selecting a set of geometric elements from the spatial singular vectors and then multiplying

it by the singular values and temporal singular vectors, the geometry data of the corresponding

vertices can be reconstructed across all the frames in the spatial domain. In other words, by

sampling ujs, Equation (3.7) can be used to reconstruct all the frames with reduced spatial

dimensions.

(ii) By selecting a set of elements from the temporal basis vectors and then multiplying it by the sin-

gular values and spatial basis vectors, the geometry data of all the vertices can be reconstructed

for the corresponding frames in the spatial domain. In other words, by sampling vjs, Equation

(3.7) can be used to reconstruct all the vertices with reduced number of frames.

The above properties are useful for layer-wise reconstruction of the animation geometry for scalable

coding. To establish the above facts, suppose vfix , vfiy and vfiz represent respectively the x, y and

z coordinates of the ith vertex of the f th frame, pfvi , in the geometry matrix B. We also assume

that uji denotes the ith element of the jth spatial singular vector uj and corresponds to the spatial

geometric component for the ith vertex in the SVD domain. Similarly, we assume that wjfx , wjfy and

wjfz are consecutive three elements of the jth temporal singular vector wj , where f = 1, . . . , Nf . These

consecutive three elements of wj vectors correspond to the temporal components in the x, y and z
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axes respectively for the f th frame. The elements corresponding to x, y and z temporal components

for f -th frame are located at (3f − 2), (3f − 1) and 3f respectively in each wj vector. So, we can

rewrite Equation (3.6) as

v11x v11y v11z · · · vNf1x
vNf1y

vNf1z

v12x v12y v12z · · · vNf2x
vNf2y

vNf2z
...

...
... · · ·

...
...

...

v1Nvx
v1Nvy

v1Nvz
· · · v

Nf

Nvx
v
Nf

Nvy
v
Nf

Nvz


=



u11 u21 · · · ur1

u12 u22 · · · ur2
...

...
. . .

...

u1Nv
u2Nv

· · · urNv





σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr





w1
1x w2

1x · · · wr1x

w1
1y w2

1y · · · wr1y

w1
1z w2

1z · · · wr1z
...

... . . .
...

w1
Nfx

w2
Nfx

· · · wrNfx

w1
Nfy

w2
Nfy

· · · wrNfy

w1
Nfz

w2
Nfz

· · · wrNfz



T

(3.8)

The spatial domain geometry coordinates of the vertex pfvi =
[
vfixv

f
iy
vfiz

]
∈ R3 can now be recon-

structed using the singular values and the corresponding elements of the uj and wj vectors. The

spatial domain coordinates of the vertex pfvi can be written as

pfvi =


vfix

vfiy

vfiz


T

=



r∑
j=1

σju
j
iw

j
fx

r∑
j=1

σju
j
iw

j
fy

r∑
j=1

σju
j
iw

j
fz

 (3.9)

The Equation (3.9) can also be written in the matrix form as

pfvi =


vfix

vfiy

vfiz


T

=

[
u1i u2i · · · uri

]


σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr




w1
fx

w2
fx
· · · wrfx

w1
fy

w2
fy
· · · wrfy

w1
fz

w2
fz
· · · wrfz


T

(3.10)

68TH-2126-06610214



3.4 Proposed spatio-temporally scalable animation geometry coder using the SVD

Thus, the spatial domain geometry coordinates of the vertex pfvi for all the Nf frames of the animation,[
p1
vi p2

vi · · · p
Nf
vi

]
, can be reconstructed using the ith row element across the r singular vectors

uj , the singular values and all the elements of the wj vectors as

[
p1
vi p2

vi · · · p
Nf
vi

]
=

[
u1i u2i · · · uri

]


σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr





w1
1x · · · wr1x

w1
1y · · · wr1y

w1
1z · · · wr1z
... · · ·

...

w1
Nfx

· · · wrNfx

w1
Nfy

· · · wrNfy

w1
Nfz

· · · wrNfz



T

(3.11)

Let us consider a set of l predefined vertices, pfvg1 ,p
f
vg2
, . . . ,pfvgl , spanning over f = 1, . . . , Nf frames

have indices g1, g2, . . . , gl, where gl ∈ {1, . . . , Nv}. Let a sub-animation Bs ∈ Rl×3Nf ⊆ B with

the above l predefined vertices is to be reconstructed using the elements of uj and vj vectors for

j = 1, . . . , r. Let us assume that elements ujg1 , u
j
g2 , . . . , u

j
gl in the jth spatial singular vector, uj ,

represent the corresponding l geometry components. Since l vertices in Bs will be reconstructed for

Nf frames, all the elements of wj vectors having x, y and z temporal components for Nf frames will

be used for reconstruction. The reconstruction equation is given as

Bs =



u1g1 u2g1 · · · urg1

u1g2 u2g2 · · · urg2
...

...
. . .

...

u1g1 u2gl · · · urgl


(l×r)



σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr


(r×r)



w1
1x w2

1x · · · wr1x

w1
1y w2

1y · · · wr1y

w1
1z w2

1z · · · wr1z
...

... . . .
...

w1
Nfx

w2
Nfx

· · · wrNfx

w1
Nfy

w2
Nfy

· · · wrNfy

w1
Nfz

w2
Nfz

· · · wrNfz



T

(3Nf×r)
(3.12)
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The spatial domain geometry data of Bs can be expressed as

Bs =



v1g1,x v1g1,y v1g1,z · · · v
Nf
g1,x v

Nf
g1,y v

Nf
g1,z

v1g2,x v1g2,y v1g2,z · · · v
Nf
g2,x v

Nf
g2,y v

Nf
g2,z

...
...

... · · ·
...

...
...

v1gl,x v1gl,y v1gl,z · · · v
Nf
gl,x v

Nf
gl,y v

Nf
gl,z


(l×3Nf )

(3.13)

The reconstruction of sub-animation represented by Bs is possible by using l predefined spatial geo-

metric components from r number of uj vectors, singular values and all the temporal components of

the wj vectors. Thus, the original geometry matrix B can be reconstructed at different layers if the

Nv geometric components in uj vectors are hierarchically divided into different spatial groups. This

will facilitate in the reconstruction of geometry data in a spatially scalable manner. In this work, an-

imations with hierarchical spatial layers are generated by applying a patch based mesh simplification

algorithm using the connectivity information. Each spatial layer will have predefined set of vertices

such that vertices at the upper spatial layers are predicted using the vertices in the subsequent lower

spatial layers. The details of the spatial layer design algorithm is presented in Section 3.4.1.

Similarly, by looking at Equation (3.12), the temporal components in wj vectors, which corre-

spond to the frames in spatio-temporal domain, can be divided into different layers to reconstruct

the animation geometry at different frame rates. The elements of wj vectors can be decomposed

into TL number of temporal layers following the hierarchical prediction structure of the H.264 video

coding [66]. The 3Nf temporal components in each wj vector, corresponding to Nf components of

each x, y and z coordinates, can be sampled in power of two. This results frame rates of Nf/2,

Nf/4, Nf/8 and so on, getting temporal scalability at decoder. We can reconstruct the geome-

try data of a sub-animation, Bt ∈ Rl×3t ⊆ B comprising predefined l vertices and t frames us-

ing the elements of uj and vj vectors for j = 1, . . . , r. Let us assume that g1, g2, . . . , gl, where

gl ∈ {1, . . . , Nv}, are the indices of l predefined vertices and {f1, f2, . . . , ft}, where ft ∈ {1, . . . , Nf}

are the indices of t frames. Let us assume that elements ujg1 , u
j
g2 , . . . , u

j
gl in the jth spatial singular

vector, uj , represent the corresponding l geometry components. Likewise, let us assume that the ele-

ments
[(
wjf1,x , w

j
f1,y

, wjf1,z

)
,
(
wjf2,x , w

j
f2,y

, wjf2,z

)
, . . . ,

(
wjft,x , w

j
ft,y
, wjft,z

)]
in the jth temporal singular

vector, wj , represent the corresponding temporal geometry components having x, y and z components
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for the t number of frames of sub-animation, Bt. The reconstruction equation of Bt is written as

Bt =



u1g1 u2g1 · · · urg1

u1g2 u2g2 · · · urg2
...

...
. . .

...

u1g1 u2gl · · · urgl


(l×r)



σ1 0 · · · 0

0 σ2 · · · 0

...
...

. . .
...

0 0 · · · σr


(r×r)



w1
f1,x w2

f1,x
· · · wrf1,x

w1
f1,y w2

f1,y
· · · wrf1,y

w1
f1,z w2

f1,z
· · · wrf1,z

...
... . . .

...

w1
ft,x w2

ft,x
· · · wrft,x

w1
ft,y w2

ft,y
· · · wrft,y

w1
ft,z w2

ft,z
· · · wrft,z



T

(3t×r)
(3.14)

The spatial domain geometry data of the sub-animation Bt can be expressed as

Bt =



vf1g1,x vf1g1,y vf1g1,z · · · vftg1,x vftg1,y vftg1,z

vf1g2,x vf1g2,y vf1g2,z · · · vftg2,x vftg2,y vftg2,z
...

...
... · · ·

...
...

...

vf1gl,x vf1gl,y vf1gl,z · · · vftgl,x vftgl,y vftgl,z


(l×3t)

(3.15)

Based on above two principles, we can reconstruct various spatial and temporal layers for the 3D

animation data.

3.4.1 Spatio-temporally scalable layer design

In order to reconstruct the input 3D animation geometry in different spatially scalable layers,

the elements of the spatial singular vectors are decomposed into hierarchical spatial layers using a

patch based layer decomposition (LD) algorithm [38]. After the hierarchical decomposition, prediction

of geometric elements between the spatial layers is performed in the SVD domain. Similarly, to

reconstruct the animation geometry in form of variable frame rates, the elements of the temporal

singular vectors are decomposed in a hierarchical manner as followed in H.264 video coding. The

temporal layers follow a hierarchical prediction structure between them. The prediction of elements

among the layers is also performed in the SVD domain. The details about the spatio-temporal scalable

layer design process are presented below.

Hierarchical spatial layer design using the connectivity data

In the spatial layer decomposition process, the input connectivity data Cd as given by Equation

(1.1) are used to structure the vertices in each frame of animation in different spatial groups. The
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spatial grouping of vertices is constant across the frames as the input 3D animation is considered to be

an isomorphic one. The set of Nv vertex indices, Iv = {g1, g2, . . . , gNv}, for each frame is partitioned

into S disjoint subsets Vl, l = S, . . . , 1 with connectivity κl such that
S⋃
l=1

Vl = Iv. The LD process

starts with VS = Iv and κS = Cd at the full enhancement layer and it employs the patch based

simplification technique consisting of following two steps:

(i) Patch-based decomposition: In this step, the degree or valence of each vertex is determined

from the connectivity data. After that, a series of Kl non-overlapping patches of valence 6 or

lower are determined. A valence-6 patch consists of a set of triangles incident to a vertex of

valence 6. Each patch in a layer is described by their middle vertices gl1, . . . , g
l
k, . . . , g

l
Kl

as shown

in Figure 3.3(a). The set of patches for a layer l is given by

Rl =
{
glk

}
, k = 1, . . . ,Kl, l = S, . . . , 1, (3.16)

(ii) Patch simplification: The patch simplification step involves removing the middle vertex glk of

the patches and re-triangulating the remaining polygon as shown in Figure 3.3(a). The number

of different triangulations td for a degree-d patch depends on the number of its vertices d. The

set of all possible triangulations of a degree-d patch is defined as Td := {1, . . . , td} for d = 4, 5, 6

as shown in Figure 3.3(b). In order to select a triangulation τ ∈ Td for degree-d patch, a

cost function Ψ
(
glk, τ

)
is used to find the average absolute deviation of all valences of the 1-ring

neighbourhood vertices of the middle vertex glk from the desired valence 6 and is defined as

Ψ
(
glk, τ

)
:=

1∣∣N (glk)∣∣
∑

v∈N(glk)

∣∣∣µ(v, glk, τ)− 6
∣∣∣ (3.17)

where N
(
glk
)

is the set of 1-ring neighbourhood vertices of the middle patch vertex glk and

µ
(
v, glk, τ

)
denotes the valence of neighbourhood vertex v after removing the middle vertex glk

and triangulating the remaining polygon using any triangulation τ as shown in Figure 3.3(b).

In the Equation 3.17, the desired valence is taken as 6 because the average valences of most of

vertices for a sufficiently large 3D triangular mesh is found to be 6 as per the Eulers formula [106].

So, the selection of this value reduces the absolute deviation of valences of the vertices from the

desired valence 6 after patch decomposition. The triangulation τ ∈ Td which leads to the minimal

cost is selected for re-triangulating a patch.
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v
l
k

v
l
k+1

(a) Patch decomposition and simplification

1 2 3 4 5 6 7

8 9 10 11 12 13 14

1 2 3 4 5 21

T6

T5 T4

(b) Triangulations Td for d = 4, 5, 6.

Figure 3.3: (a) Patch decomposition and simplification, (b) Triangulations Td for d = 4, 5, 6.

After the above steps, a set of KS vertices RS =
{
gS1 , . . . , g

S
KS

}
is removed and a connected subset

of vertices VS−1 = Iv\RS remains with the connectivity data κS−1. The above patch decomposition

and simplification steps are applied iteratively to obtain for each l = S − 1, . . . , 2, a set of vertices

Rl =
{
gl1, . . . , g

l
Kl

}
and a simplified connectivity κl consisting of vertices Vl−1 = Iv\

⋃S
l=2Rl. The base

layer is given by the set of remaining vertices V1 = Iv\
⋃S
l=2Rl. The patch based simplification steps

ensures that the neighbourhood of each middle patch vertex glk ∈ Rl is located in the layer below it i.e

N(glk) ∈ Rl−1 for l = 2, . . . , S. The spatial layer decompositions upto 8-level for the “Cow” sequence

is shown in Figure 3.4. The 8th spatial layer shown in Figure 3.4(a) contain all the 2904 vertices of

the “Cow” sequence. The number of vertices in the successive lower spatial layers goes on decreasing

as per the patch simplification process as depicted in Figure 3.4(b) to Figure 3.4(h). The base layer

contains the lowest number of vertices with V1 = 352. This signifies the possibility of spatially scalable

reconstruction of the animation geometry data.

Hierarchical spatial layers of geometric elements in SVD domain

The connectivity based LD algorithm divides the vertices of each frame into non-overlapping hier-

archical groups staring from the base layer to the full enhancement layer. This grouping information

is used to design the hierarchical spatial layers for geometric elements of the spatial singular vectors

in the SVD domain. Let us assume that uji,l ∈ R represents the ith geometric element of jth spatial

singular vector in l-th spatial layer with uji,l ∈ Vl, l = 1, . . . , S, j = 1, . . . , k. Here, k is the number

of spatial singular vectors selected after applying SVD on the geometric matrix B. Now, we define
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(a) 8th spatial layer, V8 = 2904 (b) 7th spatial layer, V7 = 2145

(c) 6th spatial layer, V6 = 1564 (d) 5th Spatial layer, V5 = 1153

(e) 4th spatial layer, V4 = 851 (f) 3rd Spatial layer, V3 = 635

(g) 2nd spatial layer, V2 = 473 (h) 1st spatial (base) layer, V1 = 352

Figure 3.4: 8-level spatial layer decomposition, “Cow” sequence
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each spatial layer in the SVD domain by a matrix LUl
u of dimension |Vl| × k as

LUl
u =

[
uji,l

]
∈ R|Vl|×k (3.18)

Spatial prediction of geometric elements in SVD domain

After the hierarchical decomposition of the elements of the uj vectors, spatial prediction of elements

between the layers is performed in the SVD domain. The prediction process minimizes the dynamic

ranges of the layer-wise geometric elements and helps to reduce the total bits required to encode the

elements per layer. The spatial prediction is applied across all the spatial singular vectors to predict

the geometric elements of the current layer using their neighbourhood geometric elements present in

the lower spatial layer. Spatial prediction is not applied for the geometric elements of the base layer.

The geometric elements uji,1 ∈ LU1
u belonging to the base spatial layer are encoded directly and sent

to the decoder. After that, the geometric elements uji,l ∈ LUl
u for l > 1 of the subsequent higher

spatial layers are predicted using the elements of the preceding spatial layer. The prediction of the

geometric element uji,l for each spatial singular vector is performed by a linear predictor using the

average of the set of 1-ring neighbourhood elements, Nui , of uji,l present in the lower spatial layer and

given by

ũji,l =
1

|Nui |

|Nui |∑
k=1

ũjk,l−1, i ∈ Vl, Nui ∈ Vl−1, l = 2, . . . , S (3.19)

The spatial prediction errors for the geometric elements uji,l belonging to the higher spatial layers

(l > 1) are computed as

εjui,l = uji,l − ũ
j
i,l, l = 2, . . . , S , i ∈ Vl (3.20)

Hierarchical temporal layer decomposition in the SVD domain

In the hierarchical temporal layer decomposition, the elements of the temporal singular vectors are

divided into different temporal groups. The set of 3Nf temporal geometric elements in each wj vector,

corresponding to Nf components of each x, y and z coordinates, are partitioned into T temporal layers

W j,l, l = 1, . . . , T . The elements in each W j,l layer correspond to disjoint frame indices with x, y

and z coordinates staring from base layer to highest temporal layer such that
T∑
l=1

∣∣W j,l
∣∣ = 3Nf . The

temporal layer design starts with the sampling of each wj vector in the interval of 2T−l to get the set
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of temporal geometric elements with their corresponding x, y and z coordinates given as

Lj,l =

{
x : x =

(
wj
3∗2T−l(t−1)+1

, wj
3∗2T−l(t−1)+2

, wj
3∗2T−l(t−1)+3

)
, t = 1, 2, . . . ,

Nf

2T−l

}
(3.21)

The hierarchical temporal layers W j,l are then formed as

W j,1 = Lj,1

W j,l = Lj,l\
l−1⋃
k=1

Lj,k, l = 2, . . . , T
(3.22)

The layerwise temporal vectors are now obtained by vectorizing the above sets. An example of 4-level

decompositions of the elements of a wj vector is given as

wj,1 = [. . . (wj
(24t−23) w

j
(24t−22) w

j
(24t−21)) (wj

(24t+1) w
j
(24t+2) w

j
(24t+3)) (wj

(24t+25) w
j
(24t+26) w

j
(24t+27)) . . .]

T

wj,2 = [. . . (wj
(24t−11) w

j
(24t−10) w

j
(24t−9)) (wj

(24t+13) w
j
(24t+14) w

j
(24t+15)) (wj

(24t+37) w
j
(24t+38) w

j
(24t+39)) . . .]

T

wj,3 = [. . . (wj
(24t−17) w

j
(24t−16) w

j
(24t−15)) (wj

(24t−5) w
j
(24t−4) w

j
(24t−3)) (wj

(24t+7) w
j
(24t+8) w

j
(24t+9)) . . .]

T

wj,4 = [. . . (wj
(24t−20) w

j
(24t−19) w

j
(24t−18)) (wj

(24t−14) w
j
(24t−13) w

j
(24t−12)) (wj

(24t−8) w
j
(24t−7) w

j
(24t−6)) . . .]

T

(3.23)

where wj,l is the vector containing elements for the temporal layer l. We can define each temporal

layer in the SVD domain by a matrix of dimension
∣∣W j,l

∣∣× k and is defined as

LWl
w =

[
wj,li

]
, i ∈W j,l, l = 1, . . . , T, j = 1, . . . , k (3.24)

Temporal prediction of geometric elements in SVD domain

To support temporal scalability, the elements in the successive temporal layers follow a hierarchi-

cal prediction pattern excluding the base layer. The temporal elements W j,1 belonging to the base

temporal layer are encoded directly and sent to the decoder. The elements of the higher temporal

layers, W j,l, l > 1, are predicted bidirectionally using the elements of the wj vectors in the lower

level temporal layer. A pictorial representation of the hierarchical prediction of elements in the upper

temporal layers is shown in Figure 3.5.
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TL = 1 TL = 2 TL = 3 TL = 4

(24t− 23),
(24t− 22),
(24t− 21)

(24t− 17),
(24t− 16),
(24t− 15)

(24t− 5),
(24t− 4),
(24t− 3)

(24t− 11),
(24t− 10),
(24t− 9)

(24t− 20),
(24t− 19),
(24t− 18)

(24t− 14),
(24t− 13),
(24t− 12)

(24t− 8),
(24t− 7),
(24t− 6)

(24t− 2),
(24t− 1),
(24t− 0)

(24t+ 1),
(24t+ 2),
(24t+ 3)

Figure 3.5: Layer-wise prediction of x, y and z temporal elements in wj vectors

For computing the temporal prediction errors, for x, y and z temporal components, let us assume

that εjwi,l represents the prediction error for the ith element of jth temporal singular vector in l-th

temporal layer for the elements in W j,l where l = 2, . . . , T and j = 1, . . . , k. The prediction error is

computed as

εjwi,l
= wj,li −

(wj,l−1i + wj,l−1i+3 )

2
, i = 1, · · · , (

∣∣∣W j,l
∣∣∣− 2) (3.25)
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3.4.2 Proposed scalable encoder

The proposed encoder structure for the scalable compression of the 3D animation geometry is

shown in Figure 3.6. The major steps of proposed encoder are described below.

Connectivity
data

Geometry data
of all frames

λTh

C
o
m
p
re
ss
ed

B
it
st
re
a
m

Input
Animation

Data

Vertex

information of

spatial layers

M
u
lt
ip
le
x
er

Encode connectivity
data using TFAN

encoder

Read frame-wise geometry and
connectivity data from files

Select spatial and temporal EVs
based on input threshold λTh

energy of singular values

Create temopar layers
(TLs) from elements of

temporal EVs

Create spatial layers
(SLs) from elements of

spatial EVs

Singular
values

Quantize and
Entropy coding of
singular values

Apply SVD on the
geometry data B

Form spatial layers of
vertices from connectivity
data using LD technique

Input no. of
TLs (T)

Input no. of
SLs (L)

Compute layerwise
spatial prediction
errors for elements

in SL > 1

Compute layerwise
temporal prediction
erros for elements in

TL > 1

Enhanced layers (ELs)

Quantize and
Entropy coding of

base TL and
prediction errors
of higher TL

Quantize and
Entropy coding on

base SL and
prediction errors
of higher SLs

Encoded prediction

errors for SL = 3

and TL = 1; : : : ; T

Encoded prediction

errors for SL = 2

and TL = 1; : : : ; T

EL-1

EL-2

Encoded elements

from spatial and tem-

poral EVs for SL=1

and TL = 1; : : : ; T

Base layer

Encoded singular

values

Encode Header
information

Figure 3.6: Encoder structure for the proposed spatio-temporally scalable compression method

(i) The encoding process starts by reading the files corresponding to frame-wise geometry and

connectivity data of the input 3D animation sequence. The geometry data for all the frames are

stored in the trajectory based form represented by geometry matrix B.

(ii) Apply the SVD on the matrix B to reduce the dimension by exploiting the redundancies across

the spatio-temporal directions. Select required number of spatial and temporal singular vectors

based on a input threshold value λTh. The λTh corresponds to the percentage of cumulative

energy associated with the singular values.

(iii) Create hierarchical spatial layers by grouping the vertices per frame using the LD technique

driven by the connectivity information as described in Section 3.4.1.

(iv) Use the grouping information from LD process in the SVD domain to decompose the elements

of the spatial singular vectors from base layer to enhancement layers. The spatial layered de-

composition of the elements is consistent across the spatial singular vectors.
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(v) Apply spatial prediction across all the spatial singular vectors to predict the geometric elements

of the higher layers using their neighbourhood geometric elements present in the lower spatial

layer. Spatial prediction is not applied for the geometric elements of the base layer.

(vi) Compute the prediction errors for the elements of the higher spatial layers using Equation 3.20.

(vii) Design the hierarchical temporal layers using the elements of the temporal singular vectors as

shown in Equation 3.23. The temporal layers follow a hierarchical prediction structure between

them.

(viii) Compute the prediction errors for elements of the enhancing temporal layers using Equation

(3.25).

(ix) Allocate a set of non-uniform quantization bits for the geometric elements of spatial and temporal

layers based on the singular values using Equation (2.13). The allotted non-uniform quantization

bits are same for all the spatial and temporal layers. Encode the sets of non-uniform quantization

bits and send it to the decoder.

(x) Quantize the geometric elements belonging to the base spatial and the base temporal layer with

the allotted quantization bits. Similarly, quantize the spatial prediction errors, εjui,l , and the

temporal prediction errors, εjwi,l , of the enhancement layers with the allotted quantization bits.

(xi) Group the quantization levels of the elements quantized with the same quantization bit for each

spatial layer and encode them using the block arithmetic coding described in Section 2.4 to gain

compression efficiency.

(xii) Group the quantization levels of the elements of each temporal layer which are quantized with

the same quantization bit and encode them using the block arithmetic coding.

(xiii) The singular values are quantized uniformly and entropy coded using an arithmetic encoder and

sent along with the base layer.

(xiv) Arrange the encoded bits of all the spatial and temporal layers in a scalable bit pattern from

base to enhancement layers before sending it to the decoder.

(xv) Encode the connectivity data using the low complexity TFAN encoder and send it to the decoder.
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(xvi) Encode the number of spatial and temporal layers supported in the scalable bit-stream, param-

eters related to the quantization process as the header information.

3.4.3 Proposed scalable decoder

In the decoder, the reconstruction of the various spatial and temporal layers are done to visualize

the 3D animation in a spatio-temporally scalable manner from the coarse to fine. The decoder structure

of the proposed scalable 3D animation geometry method is shown in Figure 3.7.

C
o
m
p
re
ss
ed

B
it
st
re
a
m

D
e-
m
u
lt
ip
le
x
er

Enhanced layers (ELs)

EL-1

Entropy decoding and
de-quantization of

prediction errors for SL = 2
and TL = 1; : : : ; T

Entropy decoding and
de-quantization of prediction

errors for SL = 3 and
TL = 1; : : : ; T

EL-2

Base layer

Header information

Form spatial layers of

vertices using LD

technique

Vertex

information of

spatial layers

Entropy decoding and
de-quantization of elements of
spatial and temporal EVs for
SL = 1 and TL = 1; : : : ; T

Entropy decoding and

de-quantization of singular

values

Decode connectivity

data using TFAN

decoder

Reconstruct
elements of EVs
for SL = 2 and
TL = 1; : : : ; T

Reconstruct
elements of EVs
for SL = 3 and
TL = 1; : : : ; T

Scalable
animations at

Layer -1

Scalable
animations at

Layer -2

Scalable
animations at

Layer -3

Reconstruct base
layer animation
using SVD for
TL = 1; : : : ; T

Reconstruct
animation with

(base+EL-1) layers
using SVD for
TL = 1; : : : ; T

Reconstruct
animation with

(base+ EL-1+EL-2)
layers using SVD for

TL = 1; : : : ; T

Figure 3.7: Decoder structure of the proposed spatio-temporal scalable method

At the decoder, the following steps are performed:

(i) Decode the header data to extract the information related to the number of spatial and temporal

layers and the quantization parameters required for the de-quantization process.

(ii) Separate the encoded connectivity data, singular values, elements of spatial and temporal sin-

gular vectors at the base and enhancement layers using a demultiplexer.

(iii) Decode the connectivity data using the TFAN decoder.
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(iv) Regenerate the spatial layer grouping information of the vertices based on the decoded connec-

tivity data. This step uses the same patch based mesh simplification techniques as used in the

encoder side.

(v) Decode the singular values, geometric elements of the spatial and temporal singular vectors of

the base layer using the arithmetic decoder. De-quantize the singular values using the uniform

quantization bit and de-quantize the geometric elements of the base layer using the non-uniform

quantization bits assigned for them.

(vi) Use the spatial layer grouping information of vertices to reconstruct the base layer animation

using the de-quantized singular values and the elements of the spatial and temporal singular

vectors of the base layer.

(vii) Decode the prediction errors of the elements of spatial and temporal singular vectors for the

enhancement layers using arithmetic decoding and de-quantize them using the non-uniform

quantization bits assigned for them.

(viii) Reconstruct the elements of the singular vectors for the enhancement spatial and temporal layers

using the decoded base layer and the decoded prediction errors.

(ix) Reconstruct the 3D animation geometry data in a spatio-temporal scalable pattern from base

(coarse) to top enhancement layers using the decoded singular values, layer-wise elements of the

spatial and temporal singular vectors.

3.5 Experimental results

This section presents the performance of the proposed SVD based scalable geometry compression

algorithm. The scalable compression performance of the proposed algorithm has been evaluated on

four isomorphic 3D animation sequences namely, “Cow”, “Chicken”, “Dance” and “Face”. The details

about these 3D animation data sets are described in Table 2.1 in Chapter 2. Before presenting the

scalable compression performance, an experiment is performed to show the advantages of applying

the SVD on the trajectory-based geometry matrix B over the frame-based geometry matrix A. The

results for the same is presented below.

81TH-2126-06610214



3. Spatio-temporally Scalable Compression of Animation Geometry using SVD

3.5.1 Compression performance of SVD on matrix B vs A

In this experiment, the compression performance of using the SVD on the geometry matrix B

is compared to that on the geometry matrix A. Three 3D animation sequences namely, “Cow”,

“Dolphin” and “Chicken”, have been considered in the experiment. The performance is evaluated

in terms of SVD computation time, compression ratio (CR), bitrate expressed in number of bits per

vertex per frame (bpvf) and the KGerr metric. The SVD computation time is calculated as the

average computation time of SVD algorithm over 20 iterations using the Matlab software loaded on

a desktop PC. The desktop PC is running Windows 7, 64-bit operating system with 32GB RAM and

Intel core-i5 4570 @3.2GHz processor. A threshold value, λTh = 99.99%, is considered corresponding

to the cumulative energy of first k singular values of A or B matrix such that

k∑
i=1

σ2
i

r∑
i=1

σ2
i

≥ λTH . A

quantization value of q = 12 bit is taken to uniformly quantize the elements of the spatial and the

temporal singular vectors. The CR value is computed as the ratio of size of the original animation data

to the size of the compressed data expressed in bits. To compute the size of original animation data,

12 bit quantization value is considered to represent each geometry element in a lossless manner [3].

Table 3.1 compares the compression parameters obtained by applying the SVD on B and A.

Table 3.1: Comparison of the compression performances of the SVD on B and A geometry matrices

SVD on matrix B SVD on matrix A

Sequence SVD Time CR No. of σi bpvf KGerr SVD Time CR No. of σi bpvf KGerr

“Cow” 0.355 25.267 20 0.093 1.320 0.975 5.695 35 0.203 1.329

“Chicken” 1.295 95.486 9 0.057 1.590 3.332 34.827 11 0.109 1.586

“Dolphin” 0.900 41.256 7 0.167 0.537 49.265 20.089 5 0.401 0.838

From the results, it is observed that for the “Cow” animation sequence with Nv = 2904 and

Nf = 204, the threshold value of λTh = 99.99% selects 20 singular values for the SVD on B compared

to 35 singular values for the SVD on A. This gives CR values of 25.267 and 5.695 with reference to

the size of original geometry in B and A matrices respectively. The respective bpvf values are 0.093

and 0.203 for the KGerr ≈ 1.32. The computation time for SVD of B is 0.355 seconds compared to

0.975 seconds for SVD of A. Similarly, for the “Chicken” and “Dolphin” animation sequences, the

SVD of matrix B provides better performances in terms of SVD computation time, CR, bpvf and

KGerr as shown in Table 3.1. Moreover, the total memory requirement for storing the singular vectors
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for SVD of B is (Nv × Nv) + (3Nf × 3Nf ) + 3Nf whereas for SVD on A the memory requirement

is (3Nv × 3Nv) + (Nf × Nf ) + Nf . So, for the animation sequences with Nv � Nf , the SVD of B

matrix will require less memory compared to SVD of A. Thus, the experimental results justify the

selection of matrix B over matrix A to get better compression performances for the proposed scalable

compression algorithm.

The following sections present the compression performance of the proposed SVD based scalable

geometry compression method.

3.5.2 Prediction performances of scalable spatial layers

The spatial scalability in the form of varying spatial resolutions (i.e., number of vertices) has

been achieved by decomposing the elements of the spatial singular vectors in different layers in a

hierarchical manner. The prediction of the elements in the enhancement spatial layers is computed

as given in Equation (3.19). The plots for original and predicted values for a few geometric elements

present in different spatial layers for the “Cow” sequence is shown in Figure 3.8. From the figure,

it is observed that predicted values of the geometric elements ũji are close to the actual values uji

across the singular vector in all the enhancement spatial layers. As a result, the prediction errors

tend to have smaller dynamic range than the original geometric elements. Thus, we can improve

the compression performance by allotting a smaller number of bits for the prediction errors. From

Figure 3.8(a) and 3.8(b), it is observed that the predicted elements are close to the original values.

However, for higher j, the differences between the original and the predicted values of the elements are

comparatively higher. This may be due to the widely spaced neighbourhood elements at these lower

layers, that affects the averaging process used during the prediction step in the algorithm. However,

these high prediction errors for higher j are weighted by smaller singular values during the geometry

reconstruction of these spatial layers. So, the contributions of elements for higher j are negligible.

Moreover, for elements in the enhancement spatial layers, the differences between the original and

predicted values are small as shown in Figures 3.8(e) to 3.8(g). This is because of the availability of a

higher number of closely spaced neighbourhood elements that are involved in the prediction process.

Similar prediction performances have been observed for the “Chicken”, “Dance” and “Face” sequences.
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(b) Prediction of geometric elements, i = 124, SL =
3
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(c) Prediction of geometric elements, i = 26, SL = 4
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(d) Prediction of geometric elements, i = 28, SL = 5
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(e) Prediction of geometric elements, i = 7, SL = 6
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(f) Prediction of geometric elements, i = 3, SL = 7
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(g) Prediction of geometric elements, i = 1, SL = 8

Figure 3.8: Original vs predicted geometric elements at different spatial layers for “Cow” sequence.

3.5.3 Prediction performances of scalable temporal layers

The temporal scalability in the form of variable frame rates are achieved if the elements of the

temporal singular vectors are divided in a hierarchical manner. The elements of the enhancement

temporal layers, are predicted bidirectionally using the elements in the lower level temporal layer. The

plots for the original and the predicted values for a few temporal elements present in four different
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temporal layers for the “Cow” sequence are shown in Figure 3.9. From Figures 3.9(a) and 3.9(b),
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(a) Prediction of temporal elements, x-component of 5th frame at TL = 2
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(b) Prediction of temporal elements, x-component of 3rd frame at TL = 3
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(c) Prediction of temporal elements, x-component of 2nd frame at TL = 4

Figure 3.9: Original vs predicted temporal elements at different temporal layers for “Cow” sequence.

it is seen that the differences between the original and predicted values are comparatively higher.

The reason may be the widely spaced neighbourhood temporal elements at these layers. The other

reason may be the rapid changes of the coordinates across the frames for the “Cow” sequence. In
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the case of “Face” animation, with smooth changes in motion across the frames, these differences are

comparatively lower as shown in Figures 3.10(a) and 3.10(b). Similar prediction performances have

been observed for the “Chicken” and “Dance” sequences.
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(a) Prediction of temporal elements, x-component of 5th frame at TL = 2
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(b) Prediction of temporal elements, x-component of 3rd frame at TL = 3
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Figure 3.10: Original vs Predicted temporal elements at different temporal layers for “Face” sequence.
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3.5.4 Scalability performance of the proposed compression method

The scalability performances of the proposed SVD-based spatio-temporally scalable compression

method are evaluated on four 3D animations. The performance is evaluated using the KGerr and

STED metrics for different bitrates expressed in bpvf . We have considered up to 8-levels of spatial

layer decomposition and 4-levels of temporal layer decomposition. A threshold value λTh = 99.9% of

the cumulative energy of the animation is decided. The first k singular values and the corresponding

spatial and temporal singular vectors with

k∑
i=1

σ2
i

r∑
i=1

σ2
i

≥ λTh are selected to represent the animation ge-

ometry. The k singular values are quantized uniformly using 16 to 18 bits based on an input target

bitrate, Tbpvf . The elements of spatial and temporal singular vectors at the base layer and predic-

tion errors for the elements at the enhancement spatial and temporal layers are quantized using the

non-uniform quantizer presented in Section 2.4 of Chapter 2. The non-uniform quantizer is modified

for quantizing the singular vectors of the base layer and the prediction errors of the enhancement

layers. These quantized values are finally entropy coded using the arithmetic coding [12] to get the

compressed scalable bit-stream. The connectivity data are encoded using the low complexity TFAN

encoder. The overhead of scalability has been considered by taking into account the size of compressed

bit streams required to compress the connectivity data, geometric elements of base layer with SL = 1

and TL = 1, spatial and temporal prediction errors of geometric elements in the spatial (SL > 1) and

temporal (TL > 1) enhancement layers, singular values and the header information. The overheads

related to computational complexity at the encoder and decoder ends have not been considered in

this work. The at the base layer (with SL=1, TL=1) is computed using the encoded file sizes of

connectivity data, geometric elements of spatial and temporal singular vectors, singular values and

the header information. The bpvf at each enhanced layer (with SL > 1 and TL > 1) is computed by

adding the encoded file size of the preceding spatio-temporal layer with the encoded file size of the

prediction errors of the geometric elements for the current layer.

At the decoder, the compressed scalable bit-stream is decoded corresponding to different spatio-

temporal layers and the performance metrics are evaluated for layer-wise decompression. The scal-

ability performances on the “Cow” and “Chicken” sequences are evaluated. To compute the KGerr

and STED metrics for the reconstructed animation at each spatial layer, the original animation data
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are arranged in layers to have equal number of vertices at each spatio-temporal layer. The metrics

are computed and the values are shown in Tables 3.2 and 3.3 for the “Cow” and “Chicken” sequences

respectively.

Table 3.2: Scalability performance in different spatio-temporal layer for “Cow” sequence

“Cow” sequence with λTh = 99.9%, non-uniform quantization, Tbpvf = 1.5

layers

TL=1 TL=2 TL=3 TL=4

bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED

SL=1 0.2043 0.7385 0.0255 0.2415 0.7584 0.0258 0.3080 0.7709 0.0261 0.4219 0.7749 0.0263

SL=2 0.2566 0.7435 0.0270 0.2937 0.7599 0.0273 0.3603 0.7713 0.0275 0.4742 0.7746 0.0277

SL=3 0.3264 0.7421 0.0279 0.3636 0.7591 0.0282 0.4301 0.7716 0.0285 0.5440 0.7748 0.0287

SL=4 0.4102 0.7419 0.0293 0.4473 0.7580 0.0295 0.5139 0.7696 0.0297 0.6278 0.7729 0.0299

SL=5 0.5278 0.7424 0.0299 0.5650 0.7592 0.0301 0.6315 0.7709 0.0304 0.7454 0.7746 0.0306

SL=6 0.6703 0.7413 0.0303 0.7074 0.7587 0.0305 0.7740 0.7710 0.0308 0.8878 0.7749 0.0310

SL=7 0.8591 0.7429 0.0310 0.8963 0.7591 0.0312 0.9628 0.7717 0.0315 1.0767 0.7755 0.0317

SL=8 1.0930 0.7407 0.0320 1.1301 0.7562 0.0322 1.1967 0.7693 0.0325 1.3106 0.7730 0.0327

Table 3.3: Scalability performance in different spatio-temporal layer for “Chicken” sequence

“Chicken” sequence with λTh = 99.9%, non-uniform quantization, Tbpvf = 1.5

layers

TL=1 TL=2 TL=3 TL=4

bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED

SL=1 0.2969 0.0509 0.0172 0.3432 0.0510 0.0173 0.4166 0.0524 0.0174 0.5324 0.0553 0.0176

SL=2 0.3299 0.0514 0.0162 0.3762 0.0512 0.0163 0.4496 0.0526 0.0164 0.5654 0.0555 0.0166

SL=3 0.3801 0.0519 0.0149 0.4263 0.0516 0.0150 0.4998 0.0529 0.0151 0.6156 0.0558 0.0154

SL=4 0.4476 0.0522 0.0136 0.4938 0.0517 0.0138 0.5673 0.0531 0.0139 0.6831 0.0560 0.0142

SL=5 0.5331 0.0525 0.0128 0.5793 0.0519 0.0130 0.6528 0.0534 0.0131 0.7686 0.0563 0.0133

SL=6 0.6488 0.0529 0.0119 0.6950 0.0523 0.0121 0.7685 0.0539 0.0123 0.8843 0.0569 0.0125

SL=7 0.8080 0.0530 0.0116 0.8542 0.0524 0.0118 0.9276 0.0539 0.0120 1.0434 0.0569 0.0122

SL=8 1.0242 0.0532 0.0114 1.0704 0.0526 0.0116 1.1439 0.0541 0.0117 1.2597 0.0572 0.0120

From the results shown in Table 3.2 for the “Cow” sequence, it is observed that reconstruction

at the base layer with SL = 1, TL = 1 requires bpvf = 0.2043. But, this shows the KGerr value of

0.7385 and the STED value of 0.0255. The error at the base layer is mainly due to the truncation of

singular vectors during reconstruction. With the increasing number of spatial layers, the bpvf value

goes on increasing and the KGerr values also increase due to quantization of prediction errors in the

enhancement layers. At spatio-temporal layer with SL = 8, TL = 1, bpvf value is 1.0930 resulting

KGerr value of 0.7407 and STED value of 0.0320. The errors at the enhancement spatio-temporal
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layers are due to quantization of prediction errors at the enhancement layers. When we increase

the number of temporal layers to TL = 4 at SL = 4, the bpvf value is 0.6278. The corresponding

KGerr value is 0.7729 and STED value is 0.0299. At the highest spatio-temporal resolution with

SL = 8, TL = 4, the bpvf value is 1.3106 which is close to the target bitrate value of Tbpvf = 1.5.

The KGerr and STED values are 0.7730 and 0.0327 respectively. For the “Chicken” sequence, similar

metrics are evaluated to show the performance of the proposed method and tabulated in Table 3.3. It

is observed that the KGerr values follow similar trends as the bpvf . The values of KGerr and STED

at the highest spatio-temporal resolution (SL = 8, TL = 4) are 0.0572 and 0.0120 respectively. The

bpvf value is 1.2597. The scalability performance of the proposed method is also evaluated for the

“Dance” and “Face” sequences and the results are shown in Table 3.4 and Table 3.5 respectively.

Table 3.4: Scalability performance in different spatio-temporal layer for “Dance” sequence

“Dance” sequence with λTh = 99.9%, non-uniform quantization, Tbpvf = 2.5

layers

TL=1 TL=2 TL=3 TL=4

bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED

SL=1 0.3024 0.0129 0.0004 0.3368 0.0132 0.0004 0.3986 0.0129 0.0004 0.5093 0.0130 0.0004

SL=2 0.3928 0.0124 0.0004 0.4272 0.0127 0.0004 0.4890 0.0124 0.0004 0.5997 0.0125 0.0004

SL=3 0.5068 0.0121 0.0004 0.5413 0.0124 0.0004 0.6030 0.0121 0.0004 0.7137 0.0122 0.0004

SL=4 0.6594 0.0119 0.0005 0.6938 0.0122 0.0005 0.7556 0.0119 0.0005 0.8663 0.0120 0.0005

SL=5 0.8810 0.0117 0.0005 0.9154 0.0120 0.0005 0.9772 0.0117 0.0005 1.0879 0.0117 0.0005

SL=6 1.1586 0.0116 0.0005 1.1930 0.0119 0.0005 1.2548 0.0115 0.0005 1.3655 0.0116 0.0005

SL=7 1.7087 0.0113 0.0005 1.7431 0.0116 0.0005 1.8049 0.0113 0.0005 1.9156 0.0113 0.0005

SL=8 2.2828 0.0112 0.0005 2.3173 0.0115 0.0005 2.3790 0.0112 0.0005 2.4897 0.0112 0.0005

Table 3.5: Scalability performance in different spatio-temporal layer for “Face” sequence

“Face” sequence with λTh = 99.9%, non-uniform quantization, Tbpvf = 1.5

layers
TL=1 TL=2 TL=3 TL=4

bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED bpvf KGerr STED

SL=1 0.2117 0.0102 3.16E-05 0.3580 0.0100 3.18E-05 0.6325 0.0097 3.14E-05 1.1427 0.0097 3.16E-05

SL=2 0.2297 0.0101 3.03E-05 0.3759 0.0099 3.05E-05 0.6504 0.0096 3.01E-05 1.1607 0.0096 3.02E-05

SL=3 0.2532 0.0100 2.86E-05 0.3995 0.0098 2.90E-05 0.6740 0.0095 2.85E-05 1.1842 0.0096 2.87E-05

SL=4 0.2809 0.0099 2.90E-05 0.4271 0.0096 2.94E-05 0.7016 0.0093 2.88E-05 1.2119 0.0094 2.91E-05

SL=5 0.3142 0.0097 2.93E-05 0.4605 0.0095 2.98E-05 0.7350 0.0092 2.91E-05 1.2452 0.0092 2.93E-05

SL=6 0.3561 0.0097 3.00E-05 0.5023 0.0094 3.04E-05 0.7769 0.0091 2.98E-05 1.2871 0.0092 3.00E-05

SL=7 0.4125 0.0095 3.01E-05 0.5587 0.0092 3.06E-05 0.8332 0.0090 2.99E-05 1.3435 0.0090 3.02E-05

SL=8 0.4797 0.0095 3.01E-05 0.6259 0.0092 3.04E-05 0.9004 0.0089 2.98E-05 1.4107 0.0090 3.00E-05
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3. Spatio-temporally Scalable Compression of Animation Geometry using SVD

The graph showing scalable compression performance of the “Dance” animation for different spatial

layers (SL = 1 to 8) at a fixed temporal resolution (TL = 1) is shown in Figure 3.11(a). It has

been observed that the values of the KGerr metric decrease with the addition of succeeding spatial

enhancement layers and with increase in bpvf values. Similar scalable compression performances have

been observed for different spatio-temporal layers from SL=1,TL=1 to SL=4,TL=4 as shown in Figure

3.11(b). The visual performance of the proposed method is shown by plotting an original frame and
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Figure 3.11: Layerwise RD performance of the proposed scalable method using the KGerr metric for “Dance
sequence at (a) TL=1, SL=1 to 8 and (b) at SL=1,TL=1 to SL=4,TL=4.

the corresponding layer-wise reconstructed frames for an input target bitrate Tbpvf . Figures 3.12, 3.13

and 3.14 show the visual performances for the “Chicken”, “Dance” and “Face” sequences respectively.

Thus, the proposed method shows good spatio-temporally scalable compression performance.

3.5.5 Performance comparison with existing methods

The scalable compression performance of the proposed method is compared with those of FAMC [2],

SPC [39] and “Bici & Akar” [46] algorithms. These algorithms have been considered, as they also

applied the same patch based mesh simplification techniques to obtain the spatial scalability in different

layers. The RD performances have been evaluated in terms of bpvf vs KGerr metrics on four 3D

animation sequences namely, “Cow”, “Chicken”, “Dance” and “Face”. The RD graphs for the four

animations are shown in Figure 3.15. The RD graphs have been generated by plotting the KGerr
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3.5 Experimental results

(a) Original frame (3030 vertices) (b) 687 vertices, SL=1, TL=4 (c) 770 vertices, SL=2, TL=4

(d) 907 vertices, SL=3, TL=4 (e) 1103 vertices, SL=4, TL=4 (f) 1373 vertices, SL=5, TL=4

(g) 1744 vertices, SL=6, TL=4 (h) 2266 vertices, SL=7, TL=4 (i) 3030 vertices, SL=8, TL=4

Figure 3.12: Original and reconstructed frames at different spatial layers, “Chicken” sequence, frame no. 163
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3. Spatio-temporally Scalable Compression of Animation Geometry using SVD

(a) Original frame (7061 vertices) (b) 718 vertices, SL=1, TL=4 (c) 958 vertices, SL=2, TL=4

(d) 1275 vertices, SL=3, TL=4 (e) 1715 vertices, SL=4, TL=4 (f) 2382 vertices, SL=5, TL=4

(g) 3244 vertices, SL=6, TL=4 (h) 5006 vertices, SL=7, TL=4 (i) 7061 vertices, SL=8, TL=4

Figure 3.13: Original and reconstructed frames at different spatial layers, “Dance” sequence, frame no. 120
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3.5 Experimental results

(a) Original frame (757 vertices) (b) 135 vertices, SL=1, TL=4 (c) 167 vertices, SL=2, TL=4

(d) 212 vertices, SL=3, TL=4 (e) 270 vertices, SL=4, TL=4 (f) 346 vertices, SL=5, TL=4

(g) 443 vertices, SL=6, TL=4 (h) 583 vertices, SL=7, TL=4 (i) 757 vertices, SL=8, TL=4

Figure 3.14: Original and reconstructed frames at different spatial layers, “Face” sequence, frame no. 130
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Figure 3.15: RD performance comparison of the proposed algorithm with other scalable methods using the
KGerr metric for different quantization levels on a few isomorphic 3D animations: (a) “Cow” sequence , (b)
“Chicken” sequence, (c) “Dance” sequence and (d) “Face” sequence
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3.6 Conclusions

values obtained at the highest spatio-temporal layer (SL = 8, TL = 4) for different Tbpvf . The

performance of the “Cow” sequence is compared in Figure 3.15(a). It shows better RD performance

at all bpvf values compared to FAMC, SPC and “Bici & Akar” algorithms. Similar results are obtained

for the “Chicken” and “Face” sequences as shown in Figures 3.15(b) and 3.15(d) respectively. For

the “Dance” sequence, at lower bpvf values, the performance of the proposed method is comparable

with the FAMC and “Bici & Akar” algorithms upto bpvf value of 1.5. At higher bpvf values, the RD

performance is better than the other three methods. Thus, the proposed SVD-based spatio-temporally

scalable compression method performs better than the existing three algorithms.

3.6 Conclusions

In this chapter, we presented a novel scheme for the scalable compression of isomorphic 3D ani-

mation geometry. An encoder and a decoder structure has been proposed to obtain spatio-temporal

scalability by using the SVD on geometry data. The proposed compression method applies the SVD

on the animation geometry matrix B and selects a reduced number of spatial and temporal singular

vectors for the scalable reconstruction of animation data. The number of spatial and temporal sin-

gular vectors are selected based on the input threshold value, λTh, corresponding to the cumulative

signal energy contained in the singular values. The set of elements of the spatial and temporal sin-

gular vectors are further decomposed into different spatio-temporal layers to support scalability. The

spatial layers are formed using the patch based mesh simplification technique. The temporal layers

are formed by arranging the elements of the temporal singular vectors in a hierarchical manner by

sampling them in power of 2. The prediction of elements in all the upper spatio-temporal layers is

performed using averaging of neighbourhood elements in the lower layers. An encoder and a decoder

structure are also presented for the proposed compression scheme. The performance of the proposed

method is evaluated on four standard 3D animation sequences. The rate-distortion performance has

been evaluated using the KGerr and the STED metrics at different target bitrate values Tbpvf . The

performance has been also compared with three existing scalable compression methods. It is observed

that the proposed compression algorithm outperforms these methods in terms of the scalable rates

and distortions.
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4. Compression of Block-isomorphic Multi-object Animation Geometry

4.1 Introduction

The existing methods for animation geometry compression consider the entire animation as a single

object. This chapter explores the geometry compression methods for multi-object based 3D (MO-3D)

animations. An MO-3D animation comprises of multiple 3D objects and the mesh attributes of the

constituent 3D objects change across the frames. These data require large disk space for storage and

high bandwidth for real-time transmission over the network compared to single-object based 3D (SO-

3D) animations. This global consideration of the multiple 3D objects as a single object does not exploit

fully the local spatio-temporal redundancies exhibited by the individual 3D objects for the animation

duration. Moreover, in a real-world MO-3D animation, the 3D objects may appear or disappear at

irregular intervals during the animation period. In that case, the frame-wise 3D objects of the MO-3D

animation will follow graph isomorphism property in blocks of consecutive frames depending on the

changing mesh attributes of the 3D objects.

This chapter proposes an efficient geometry compression method for MO-3D animations by first

applying a temporal segmentation algorithm on the animation data to group the consecutive frames as

set of isomorphic multi-object (IMO) blocks or segments. A connectivity based spatial segmentation

algorithm is then applied to each IMO block to identify the vertices belonging to the constituent 3D

objects. The geometry data of the individual 3D object are then separated out across the frames

within each IMO block. For MO-3D animations with a single IMO block, the principal component

analysis (PCA) is applied on the geometry data of each 3D object. This object based PCA (OPCA)

exploits the spatio-temporal redundancies of the individual 3D objects across the frames in a better

way compared to applying the PCA globally on geometry data of all the objects together. For MO-3D

animations with multiple IMO blocks, 3D objects spanning across multiple IMO blocks are detected

as unique 3D objects based on the mesh attributes and the Euclidean distances. The geometry data

of the unique 3D objects are appended temporally and are finally compressed using the proposed

OPCA algorithm. To compare the performance of the proposed method, a few MO-3D animations

are created using the existing public domain SO-3D animations. The simulation results show that

the proposed object-based PCA (OPCA) method gives better performance in terms of objective and

subjective quality metrics compared to the other PCA based geometry compression methods applied

globally on the MO-3D animations.
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4.2 Classification of MO-3D animations

The rest of the chapter is organized as follows. Section 4.2 presents an overview of the different

types of MO-3D animations along with a short review of the existing compression methods that can

be applied for the geometry compression of MO-3D animations. Section 4.3 presents the motivations

for the work. Section 4.4 describes the mathematical representation for MO-3D animations. Section

4.5 presents the details about the proposed object-based PCA (OPCA) geometry compression algo-

rithm. In Section 4.6, we present the experimental results and performance of the proposed method

in comparison to other compression methods. Section 4.7 draws conclusions with a discussion on the

proposed work.

4.2 Classification of MO-3D animations

The MO-3D animations can be categorised based on the nature of changing mesh attributes of the

constituent 3D objects across the frames as follows:

• Isomorphic multi-object 3D animation

In an isomorphic multi-object 3D (IMO-3D) animation, the topology information of the con-

stituent 3D objects is constant across the whole animation duration with a fixed number of

vertices per frame. An IMO-3D animation comprises of identical number of 3D objects across

the frames with only varying geometry data. Figure 4.1 show selected frames each from the

“Cloth” and “Toasters” IMO-3D animations. Each frame of the above two animations are

composed of 4 and 5 3D objects per frame respectively from start to end.

(a) A frame from “Cloth” sequence with 4
objects

(b) A frame from “Toasters” sequence with
5 objects

Figure 4.1: Examples of IMO-3D animations.
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• Block-isomorphic multi-object 3D animation

In a block-isomorphic multi-object 3D (BIMO-3D) animation, the topology information of the

constituent 3D objects satisfies the graph isomorphism property for a set of successive frames

considered as an IMO block or segment. For each IMO block, the total number of vertices

from the multiple 3D objects per frame is constant with identical connectivity data and varying

geometry data across the frames within it. Whenever there are changes in the nature or number

of 3D objects present in a frame during the animation length, the values of the primary mesh

attributes get changed to another set of values for the set of frames belonging to another IMO

block. Figure 4.2 shows the frames from a BIMO-3D animation named “Cloth-Cow-Dance”

with five IMO segments. The sequence has been created by combining 3D objects from three 3D

animations namely, “Cloth”, “Cow” and “Dance”. The first IMO segment comprises of four 3D

objects and ranges from 1st frame to 50th frame as shown in Figures 4.2(a) and 4.2(b). Likewise,

the 2nd, 3rd, 4th and 5th IMO segments are shown in Figures 4.2(c) to 4.2(d), 4.2(e) to 4.2(f),

4.2(g) to 4.2(h) and 4.2(i) to 4.2(j) respectively.

• Non-isomorphic multi-object 3D animation

In a non-isomorphic multi-object 3D (NIMO-3D) animation, the mesh attributes of the 3D

objects do not follow the graph isomorphism property across the frames. In this case, the

number of vertices and triangular faces of the constituted multiple 3D objects change in each

frame across the animation length. They are constructed by 3D scanning of instantaneous poses

of real world 3D objects over a certain duration. The frames from a NIMO-3D animation named

“Dog-Man-Ball” are shown in Figure 4.3. The compression of the NIMO-3D animation geometry

is complex and not considered here.

4.3 Motivation and the objectives

The existing 3D animation geometry compression algorithms deal only with the SO-3D animations

where the mesh attributes of a single 3D object are assumed to be isomorphic throughout all the frames

of the animation. In a real-world scenario, the 3D animations may contain multiple 3D objects in

each frame. The geometry as well as the connectivity data of the multiple 3D objects per frame may

be changing over time. The existing literature does not address the compression issues of MO-3D
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(a) 1st IMO segment with 4 objects (start) (b) 1st segment with 4 objects (end)

(c) 2nd IMO segment with 5 objects (start) (d) 2nd IMO segment with 5 objects (end)

(e) 3rd IMO segment with 6 objects (start) (f) 3rd IMO segment with 6 objects (end)

(g) 4th IMO segment with 2 objects (start) (h) 4th IMO segment with 2 objects (end)

(i) 5th IMO segment with 1 object (start) (j) 5th IMO segment with 1 object (end)

Figure 4.2: Example of a BIMO-3D animation (“Cloth-Cow-Dance”) with 5 IMO segments
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Figure 4.3: Selective frames of a NIMO-3D animation (“Dog-Ball-Man”)

animations. In this work, we address the compression issues for the raw geometry data of IMO-3D

and BIMO-3D animations for efficient storage and transmission over the network. The motivation

and objectives for this work are based on the following facts:

(i) The 3D animation geometry may comprise a single or multiple 3D objects per frame. A single

object may further have a single (or multiple) connected component(s) (CC(s)). The CCs signify

the number of isolated groups of interconnected vertices in the 3D space, which are clubbed

together to form a single 3D model. For example, in the “Chicken” sequence shown in Figure

4.4, the single 3D object has been created with 41 isolated CCs with varying geometry across

the frames.

Figure 4.4: A frame from “Chicken” SO-3D animation with 41 CCs

Most of the animation geometry compression works reported in the literature deal with 3D

animations featuring single 3D object having single or multiple CCs. Since the multiple CCs are
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part of a single 3D object, the temporal motions of vertices belonging to each CC will be almost

similar to that of the vertices in another CCs and in synchronous with the overall temporal

motion of the single 3D object. Therefore, the geometry data of “Chicken” sequence can be

compressed by taking the time varying geometry data from all the CCs together. However, a 3D

animation may contain multiple 3D objects per frame with multiple CCs. As for example, the

“Cloth” and the “Toaster” IMO-3D animations shown in Figures 4.1(a) and 4.1(b) respectively

are composed of 4 and 5 different 3D objects per frame for the entire animation length. For such

animations, the temporal motions of the vertices belonging to each 3D object will vary from

object to object. So, the application of a geometry compression algorithm available for SO-3D

animations on such IMO-3D animations by considering the geometry data of all the multiple

3D objects together is not the best choice. This approach will not exploit the redundancies

present in the individual 3D object’s spatial and temporal positional values across the frames.

Moreover, the raw data size of such IMO-3D animations will be much higher compared to the

SO-3D animation. So, the application of geometry compression algorithms available for SO-3D

animations on the overall 4D geometry data (3D+time) of multiple 3D objects requires a large

memory space and processing time. Thus, there is a need to address the compression issues for

such IMO-3D animations.

(ii) The existing geometry compression methods reported in the literature deal only with isomorphic

3D animations. However, there may exist multiple 3D objects in each frame of 3D animations

and the geometry as well as the connectivity of vertices of constituted multiple 3D objects

may be changing at irregular intervals over time span. This usually happens when some of the

existing 3D objects leave or new 3D objects enter some frames during the animation length. Such

variations in the number of 3D objects and their mesh attributes occur in BIMO-3D animations

as discussed above. The existing literature does not address the compression issues related

to BIMO-3D animations. Moreover, the existing geometry compression methods available for

isomorphic 3D animations can not be applied directly on the BIMO-3D animations because of

changes in total number of vertices of the 3D objects and their connectivity data per frame in

the sequence. So, there is a requirement to develop efficient geometry compression schemes for

such BIMO-3D animations.
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4.4 Representation of the MO-3D animation geometry

The mathematical representations of IMO-3D and BIMO-3D animation geometry differ based on

the nature of their changing mesh attributes. They are described below.

(i) Representation of the IMO-3D animation geometry

Consider an IMO-3D animation with constant topology information Cd and dynamic geometry

component Gd spanning over a time duration of Nf number of frames. The component Gd is

defined over the set of Nf frames containing the geometry positions of Nv vertices describing the

3D objects in each frame. In case of IMO-3D animations, the total number of vertices from all

the 3D objects per frame remain same throughout the mesh sequences. So, the representation of

the animation geometry data and connectivity data for an IMO-3D animation is similar to that

of an ISO-3D animation as given by Equations (1.3) and (1.1) respectively in Chapter 1. The

overall geometry component Gd of the IMO-3D animation is also represented in a 2D matrix

form for the easy application of signal processing algorithms on it. The matrix representation

can follow either the frame-based or trajectory-based representation as given by Equations (1.6)

and (1.8) respectively in Chapter 1.

To represent the geometry of an IMO-3D animation using the frame-based matrix format, the

x, y and z coordinate positions of Nv vertices of the f -th frame are cascaded together to form

a column vector af of dimension (3Nv × 1) as given by Equation (1.5). The column vectors

af , f = 1, . . . , Nf for all the Nf frames are then placed as the columns of a matrix AIMO of

dimension (3Nv ×Nf ) as

AIMO =
[

a1 | a2 | . . . | aNf

]
(4.1)

Similarly, to represent the geometry of an IMO-3D animation using the trajectory-based matrix

format, the frame-wise geometrical positions of each vertex pfvi ∈ R3 across Nf frames are

cascaded together to form a trajectory vector ti of dimension (3Nf × 1) as given by Equation

(1.7).The trajectory vectors ti, i = 1, . . . , Nv for all the Nv vertices are then placed as the columns

of a matrix BIMO of dimension (3Nf ×Nv) as

BIMO = [ t1 | t2 | . . . | tNv ] (4.2)
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(ii) Representation of the BIMO-3D animation geometry

In case of BIMO-3D animation, the overall animation geometry data for all the frames can not

be stored directly in a single 2D matrix because of the varying number of vertices in each of the

IMO block. They can be best represented by a set of matrices with each matrix representing the

animation geometry data of an IMO segment defined for a group of successive frames. Using the

frame-based matrix representation of the 3D animation geometry as given by Equation (1.6) in

Chapter 1, the animation geometry ABIMO for a BIMO-3D animation is written as

ABIMO = {A1, . . . ,Ai, . . . ,ANb
} (4.3)

where Ai ∈ R3Nvi×Nfi is the frame-based animation geometry matrix for the i-th IMO segment

with length of Nfi frames and Nb is the number of IMO blocks in the BIMO-3D animation.

Similarly, using the trajectory-based matrix representation of the 3D animation geometry as

given by Equation (1.8) in Chapter 1, the geometry of a BIMO-3D animation can be also

represented by a set of matrices and is written as

BBIMO = {B1, . . . ,Bi, . . . ,BNb
} (4.4)

where Bi ∈ RNvi×3Nfi is the trajectory-based animation geometry matrix for the i-th IMO block

with length of Nfi frames. The connectivity data for the BIMO-3D animation are represented

by a set of connectivity matrices representing the IMO blocks and written as

CBIMO =
{

Cd1 , . . . ,Cd2 , . . . ,CdNb

}
(4.5)

where Cdi ∈ RNti×3 is the connectivity matrix for i-th IMO block as defined using Equation

(1.1).

4.5 Proposed geometry compression method of BIMO-3D anima-
tions

We propose a geometry compression scheme for the BIMO-3D animations featuring multiple 3D

objects per frame. A BIMO-3D animation contains a number of IMO blocks or segments, satisfying

the graph-isomorphism property as discussed earlier. To compress the geometry data of a BIMO-
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3D animation, it is proposed to segment the animation data along the frames into different IMO

blocks. To achieve this, a temporal segmentation algorithm has been proposed to divide a BIMO-

3D animation into a set of IMO blocks based on the mesh attributes of 3D objects in each frame.

After the temporal segmentation, the individual 3D objects in each IMO segment are detected using

a connectivity based spatial segmentation algorithm. This has been done to exploit the redundancies

present in individual 3D object’s spatial and temporal positional values across the frames. Following

the spatial segmentation process, the geometry data of all the detected 3D objects are extracted for

each IMO segment. The geometry data of the unique 3D objects, which are present across multiple

IMO blocks are merged temporally based on the number of vertices, the number of faces and the

Euclidean distances. If a unique 3D object has number of vertices smaller than a threshold value

for minimum vertex count per object, its geometry data across the frames are spatially merged with

that of other object based on the minimum Euclidean distance. Finally, the geometry data all the

unique 3D objects across the frames of all IMO blocks are compressed by applying the PCA. We

term this method as object based PCA (OPCA). In the OPCA algorithm, the number of eigen vectors

(EVs) for each object is selected based on an input threshold value of cumulative energy in the

eigen values. The object-wise transformed coefficients (TCs) are obtained by projecting the object’s

geometry on the space spanned by the selected EVs. Finally, elements of all the EVs, TCs and the

mean trajectory (MT) vector from the OPCA algorithm are uniformly quantized and entropy coded

to get the compressed bitstream.

4.5.1 OPCA encoder

The block diagram of the encoder structure of the proposed OPCA based geometry compression

scheme is shown in Figure 4.5. The functioning of the different blocks in the encoder is presented

below:

• Temporal segmentation of frames into IMO segments

The presence of multiple 3D objects with varying mesh attributes at random intervals across the

frames, makes it difficult to store the whole animation geometry data of a BIMO-3D animation

in single 2D matrix as applicable for an IMO-3D animation. Thus, it is not possible to apply

any PCA or CPCA based method globally on the geometry data. To overcome this, a temporal
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Figure 4.5: Encoder structure of proposed compression method for BIMO-3D animation

segmentation algorithm is proposed. This algorithm segments the consecutive frames into IMO

blocks. The pseudocode of the proposed temporal segmentation technique is shown in Algorithm

4.1. The algorithm reads the total count of mesh attributes like number of vertices, Nv(i), and

number of faces, Nt(i), from Nf files representing the frames of a BIMO-3D animation. The

animation data of consecutive frames are considered as a part of the same IMO block until there

is no change in product of total vertex count and face count per frame, Nv(i)×Nt(i). Whenever,

there is a change in either of total number of vertices or faces in a frame, it is marked as the start

of a new IMO block. The previous frame is marked as the end of last IMO block. The geometry

and connectivity data for i-th IMO block are stored separately as Bi and Cdi respectively. The

frame indices of detected IMO blocks are sent as the header information to the decoder.

• Spatial segmentation of objects in IMO blocks

As shown in the block diagram, the individual 3D objects in the IMO blocks are detected using

a spatial segmentation algorithm. We propose an object segmentation algorithm based on the

connectivity data. The algorithm detects the vertices which are connected as a single connected
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Algorithm 4.1: Detecting IMO blocks from BIMO-3D animations

Input : A sequence of Nf files for each frame of a BIMO-3D sequence, file1, file2, . . .,
fileNf

/* Initialization */

1 i← 1 // file counter

2 n← 1 // IMO block counter

3 flag imo← 0 // IMO block detection flag

/* Begin with reading the 1st frame data as the reference */

4 imo frame start loc(n)← i // Store start frame number for an IMO block

5 Read geometry data Gi and connectivity data Ti from filei
6 Compute vertex count Nv(i) from Gi and triangular faces count Nt(i) from Ti

7 Append Gi to matrix Bn as columns
8 Cdn ← Ti // store connectivity data for IMO block

9 i← i+ 1
10 while i ≤ Nf do
11 Read geometry data Gi and connectivity data Ti from filei
12 Compute vertex count Nv(i) from Gi and triangular faces count Nt(i) from Ti

13 if (Nt(i)×Nv(i) 6= Nt(i− 1)×Nv(i− 1)) then
14 flag imo← 1
15 else
16 Dt ← Ti −Ti−1
17 Compute ∆T as Sum of elements of Dt

18 if ∆T 6= 0 then
19 flag imo← 1
20 end

21 end
22 if (flag imo = 1) then
23 n← n+ 1
24 imo frame start loc(n)← i
25 Cdn ← Ti

26 flag imo← 0

27 end
28 Append Gi to matrix Bn as columns
29 i← i+ 1

30 end
Output : Two sets of matrices B1, . . . ,Bn and Cd1 , . . . ,Cdn representing geometry and

connectivity data respectively for n IMO blocks, a set of frame indices for n IMO
blocks

component (CC). A single connected component may be a whole 3D object or it may be a part

of a 3D object with multiple CCs. The algorithm starts with finding the level-1 neighbouring

vertices of all the vertices in i-th IMO block. In the next step, an iterative procedure is applied to
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Algorithm 4.2: Detection of 3D objects in an IMO segment

Input : The connectivity matrix Cdi and the vertex count Nvi corresponding to i-th IMO
segment

/* Initialization */

1 Set j ← 0 // count for each detected 3D object or connected component (CC)

2 Set CCji ← {∅} // Sets for vertex indices of individual 3D object or CC

3 Set CVlist ← {∅} // Set for all vertex indices of the detected 3D objects or CCs

4 Vleft ← {1, . . . , Nvi} // set of all vertex indices not included in any 3D object

5 Set Vvisit(k)← 0 ∀k ∈ {1, . . . , Nvi} // Set flag for all vertices as non-visited

6

7 Set OIi(k)← 0 ∀k ∈ {1, . . . , Nvi} // Set object index for all vertices as 0

8

/* Begin */

9 Compute the set of neighbours V n L1(k) for each vertex k ∈ {1, . . . , Nvi} using Cdi

10 V n new = V n L1

11 while |Vleft| 6= 0 do
12 Vleft ← Vleft \ CVlist
13 for k ∈ Vleft do
14 if Vvisit (k) = 0 then
15 Neigh Vk ← V n new(k)
16 tmp← Neigh Vk
17 for v ∈ Neigh Vk do
18 Vvisit(v)← 1
19 tmp← tmp ∪ V n L1(v)

20 end
21 V n L1(k)← tmp \ {k}
22 V n new(k)← V n L1(k) \Neigh Vk
23 if (|V n new(k)| = 0) & (k /∈ CVlist) then
24 j ← j + 1

25 CCji ← Neigh Vk ∪ {k}
26 CVlist ← CVlist ∪ CCji
27 end
28 Vvisit(k)← 1

29 end

30 end

31 end
32 for l← 1 to j do
33 for n ∈ CC li do
34 OIi(n)← l
35 end

36 end
37 return OIi

Output : An array OIi containing object indices for the Nvi vertices in ith IMO block
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group the level-1 neighborhood vertices for the vertices forming an edge and marked the grouped

vertices with a visited flag. This iterative grouping of vertices based on connected edges goes on

till all the vertices connected by a single CC are visited to detect a 3D object. The procedure

is repeated for the remaining vertices not belonging to any of the already detected objects.

The algorithm ends when all the vertices in the IMO block are assigned to the corresponding

3D objects. The pseudo-code of the proposed spatial segmentation algorithm is presented in

Algorithm 4.2. The algorithm outputs an array for object indices, OIi, of size equal to the

number of vertices per frame for i-th IMO block. Each element of OIi array stores the object

index number corresponding to a vertex in the i-th IMO block. The geometry data of the detected

3D objects is extracted across the frames in an IMO block based on OIi. The connectivity data

of individual 3D objects in each IMO block are also generated from the connectivity data Cdi .

• Detection and merging of 3D objects across IMO blocks

The spatial segmentation gives geometry and connectivity data of individual 3D objects for the

frames in each IMO block. However, there may be geometry data of 3D objects which are

present across multiple IMO blocks. These unique objects which exist in multiple IMO blocks

are identified based on the number of vertices, the number of faces and the Euclidean distances

between the objects in the last frame of the i-th IMO block and the first frame of the i + 1-th

IMO block. The geometry data of these unique 3D objects are merged temporally across the

IMO blocks.

• Detection and encoding of static 3D objects

There may exists some unique 3D objects having constant geometry data across all the frames

in multiple IMO blocks. These static unique 3D objects are detected using their motion charac-

teristics and are compressed as static 3D mesh by encoding the geometry and connectivity data

using the TFAN encoder described in Section 1.3.6.

• Spatial merging of unique 3D objects

For the unique 3D objects which have number of vertices ≤ Nvth , an input threshold for vertex

count per 3D object, the geometry data of those unique 3D objects are merged with the nearest

unique object based on their Euclidean distances. The frame indices for unique 3D objects
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present in multiple IMO blocks and the object indices for spatially merged unique objects are

sent as header information to the decoder.

• Object-based PCA (OPCA)

The PCA is applied on geometry data of each unique 3D object for the frames in multiple IMO

blocks to get the required compression. The number of eigen vectors (EVs) selected for the

PCA on each unique object is based on a user input threshold value λTh. The threshold value

corresponds to the percentage of cumulative energy associated with the eigen values sorted in a

descending order. The PCA transformed coefficients (TCs) for each unique 3D object are then

computed by projecting its geometry data on the selected EVs.

• Quantization and Entropy Coding

The elements of object-wise mean vectors (MVs), the EVs and TCs obtain from the OPCA

algorithm are uniformly quantized. The rate distortion (RD) analysis [43] is applied to optimise

the number of quantization bits required to uniformly quantize each TC, each component of EV

and MVs for an user input target bitrate. The quantized EVs, TCs and MVs for each object are

then entropy coded with an arithmetic coder [12]. The arrays, OIis, containing the object indices

for the vertices in the IMO blocks are also encoded using an arithmetic coder at the encoder. The

connectivity data for all the IMO blocks are encoded using the low complexity TFAN encoder.

Finally, the entropy coded EVs, TCs and MVs of each unique objects are multiplexed with the

encoded connectivity data and encoded object index vectors to get the compressed bit-stream.

4.5.2 OPCA decoder

The block diagram of the decoder structure of the proposed OPCA method is shown in Figure 4.6.

At the decoder, the following steps are performed:

• Separate the encoded connectivity data, OPCA data (EVs, TCs and MVs) of the unique 3D

objects, compressed data of static unique objects and the object indices, OIis, of vertices in each

IMO block using a demultiplexer.

• Decode the OPCA data of unique 3D objects using arithmetic decoder. De-quantize the OPCA

data to get the reconstructed EVs, TCs and MVs of each unique object.
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Figure 4.6: Decoder structure of proposed compression method for BIMO-3D animation

• Perform the OPCA reconstruction on individual unique objects using the de-quantized EVs,

TCs and MVs to obtain the reconstructed geometry data of the each unique objects spanned

across multiple IMO blocks.

• Separate the geometry data of spatially merged small unique objects using the indices of spatially

merged objects.

• Decode the geometry data of static unique objects using the TFAN decoder.

• Decode the array of object indices, OIis, representing the vertices in each IMO block using an

arithmetic decoder.

• Obtain the geometry data of each IMO block using the reconstructed geometry data of unique

3D objects, reconstructed geometry of static unique objects, the frame indices of the unique

objects and the array of object indices, OIis. The reconstructed geometry data for IMO blocks

are represented as B̃1, B̃2, . . . , B̃Nb
.

• Decode the connectivity data of each IMO block using the TFAN decoder and the reconstructed
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connectivity data for the all the IMO blocks are represented as C̃d1 , C̃d2 , . . . , C̃dNb
.

• Generate the frame-wise reconstructed animation files for the BIMO-3D animation by combining

the reconstructed geometry data and the connectivity data of IMO blocks based on frame indices

of IMO blocks.

4.6 Experimental results

In this section, experimental results are presented to evaluate the performance of the geometry

compression algorithms on IMO-3D and BIMO-3D animations. The compression performance has

been evaluated by measuring the distortion between the original and the reconstructed animations

in terms of the objective and the subjective metrics at different target bitrates measured in bpvf .

The objective metric, KGerr, and the subjective metric, STED, have been used to quantify the

distortions between the original and the reconstructed animations. Three sets of experiments are

performed to compare the results of the geometry compression methods proposed for IMO-3D and

BIMO-3D animations as follows:

4.6.1 Compression performance of OPCA, PCA and CPCA algorithms on the
IMO-3D animations

This experiment investigates the compression performance of the proposed OPCA, the direct PCA

and the CPCA methods applied on IMO-3D animations. Some of these IMO-3D animations namely,

“Cloth”, “Toasters” and “Marbles” are available in public domain. A few IMO-3D animations like,

“Cow-Dance-Snake”, “Cloth-Cow-Dance” etc., are also created using existing standard 3D animations

to evaluate the performance. The properties of the five IMO-3D animations used in evaluation of the

above algorithms are given in the Table 4.1.

The proposed segmentation algorithm is applied to segment the objects on the IMO-3D animations

without spatial merging. The segmentation result for the “Cow-Dance-Snake” IMO-3D animation is

shown in Figure 4.7. Figure 4.7(a) shows the detected 3D objects in a frame. The detected objects are

shown in different colours. The extracted individual objects “Cow”, “Dance”, and “snake” are shown

in Figures 4.7(b), 4.7(c) and 4.7(d) respectively. The segmentation results are found to be satisfactory

with other IMO-3D sequences also.

To evaluate the compression performance of the OPCA method, four IMO-3D animations are used.
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Table 4.1: Details of IMO-3D animation sequences

Name of MO-3D Vertices Frames Faces No. of
Sequence (Nv) (Nf ) (Nt) objects per frame

Cloth 9987 200 19494 4
Cow-Dance-Snake 19144 134 38276 3
Cloth-Cow-Dance 19952 200 39416 6
Toasters 5628 246 11141 41
Marbles 4620 500 8800 110

(a) (b)

(c) (d)

Figure 4.7: Detected and segmented objects from a frame of “Cow-Dance-Snake” IMO-3D animation sequence:
(a) a frame with detected three objects, (b) segmented object “Cow”, (c) segmented object “Dance” and (c)
segmented object “Snake”.
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The number of EVs for each object has been selected for a threshold value, λTh = 99.9% corresponding

to cumulative energy of the eigen values. The same threshold value is also used for the direct PCA

and the CPCA method. For the CPCA algorithm, the number of clusters is considered same as the

number of 3D objects present in the IMO-3D animations. Figures 4.8(a), 4.8(b), 4.8(c) and 4.8(d)

show the performance comparison of the OPCA, the PCA and the CPCA methods. Each figure shows

the plot of KGerr values obtained at different target bitrates (bpvf).
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Figure 4.8: Comparative performance of the PCA, the OPCA and the CPCA algorithms in terms of the
KGerr metric on a few IMO-3D animations: (a) “Cloth” sequence with 3 objects, (b) “Toasters” sequence
with 41 objects, (c) “Cow-Dance-Snake” sequence with 3 objects and (d) “Cloth-Cow-Dance” sequence with 3
objects.

It is observed that at lower bpvf values, the proposed OPCA method gives better results by
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providing minimum distortion values compared to the PCA and the CPCA method. At higher bpvf

values, the OPCA method gives almost similar performance as the CPCA method. Similarly, Figures

4.9(a), 4.9(b), 4.9(c) and 4.9(d) show the performance comparison of the OPCA, the PCA and the

CPCA methods in terms of STED metric.
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Figure 4.9: Comparative performance of the PCA, the OPCA and the CPCA algorithms in terms of STED
metric on a few IMO-3D animations: (a) “Cloth” sequence with 3 objects, (b) “Toasters” sequence with 41
objects, (c) “Cow-Dance-Snake” sequence with 3 objects and (d) “Cloth-Cow-Dance” sequence with 3 objects.

Each plot shows the values of STED metric obtained at different target bpvf values. At lower

bpvf values, the STED metrics for the OPCA method are better compared to the PCA and the

CPCA method. But, at higher bpvf values, the OPCA method gives similar performance as the

CPCA method. The visual performance of the OPCA method is shown in Figure 4.10 by plotting
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an original frame and the reconstructed frame for the “Cow-Dance-Snake” IMO-3D animation. No

perceivable visible distortions are present in the reconstructed frame.

(a) (b)

Figure 4.10: Visual performance of the OPCA method : (a) An original frame and (b) the reconstructed
frame (“Cow-Dance-Snake” sequence).

4.6.2 Compression performance of SA-PCA and G-PCA for BIMO-3D animations

In this experiment, the temporal segmentation algorithm (as given in Algorithm 4.1)) is applied

across the frames of a BIMO-3D animation to divide the animation data into IMO blocks. The PCA

is applied on the geometry data of each IMO block. This method is termed as segment adaptive PCA

(SA-PCA). Experimentation is also carried out to apply the PCA globally on a BIMO-3D animation

after zero padding the geometry data in each frame. This is because of varying number of vertices

and faces across the frames at irregular intervals and to make the vertices equal in numbers in each

frame. The operation converts geometry of a BIMO-3D animation into an IMO-3D animation with

a single IMO block. The PCA is applied on the single IMO block. We term this method as global

PCA (G-PCA). The compression performance of above two methods are evaluated on some BIMO-3D

animations. These sequences are created using the available SO-3D and IMO-3D animation databases.

The properties of the BIMO-3D animations are listed in Table 4.2. To evaluate the compression

performances of the SA-PCA and G-PCA, four BIMO-3D animations are used. A threshold value,

λTh = 99.9%, is used to select the EVs for both the methods. The RD performances are measured in

terms of the KGerr and STED metrics for different target bitrates (bpvf). Figures 4.11(a), 4.11(b)
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Table 4.2: Details of BIMO-3D animation sequences

Name of BIMO-3D Vertices Frames Faces No. of objects
Sequence segment-wise (Nv) segment-wise (Nf ) segment-wise (Nt) segment-wise

Camel-Horse 8431,21887 48,48 16843,43814 1,1
Cloth-Toasters 9987,5628 200,246 19494,11141 4,41
Cow-Dance-Snake 2904,7061,9179 200,200,134 5804,14118,18354 1,1,1
Cloth-Cow-Dance 9987,2904,7061 200,200,200 19494,5804,14118 4,1,1

4.11(c), and 4.11(d) show the performance comparison of the SA-PCA and the G-PCA methods.
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Figure 4.11: Comparative performance of the G-PCA and the SA-PCA algorithms in terms of KGerr metric
on a few BIMO-3D animations: (a) “Camel-Horse” sequence with 2 IMO blocks, (b) “Cloth-Toasters” sequence
with 2 IMO blocks, (c) “Cow-Dance-Snake” sequence with 3 IMO blocks and (d)“Cloth-Cow-Dance” sequence
with 3 IMO blocks.

It is observed that at lower bpvf values, the SA-PCA method gives better performances by pro-
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Figure 4.12: Comparative performance of the G-PCA and the SA-PCA algorithms in terms of STED metric
on a few BIMO-3D animations: (a) “Camel-Horse” sequence with 2 IMO blocks, (b) “Cloth-Toasters” sequence
with 2 IMO blocks, (c) “Cow-Dance-Snake” sequence with 3 IMO blocks and (d)“Cloth-Cow-Dance” sequence
with 3 IMO blocks.

viding minimum distortion values compared to the G-PCA. Similar results are obtained for RD per-

formance measured using the STED metric as shown in Figure 4.12.

4.6.3 Compression performance of SA-OPCA and OPCA for BIMO-3D anima-
tions

In this experiment, the compression performance for the BIMO-3D animations has been evaluated

by applying the OPCA geometry compression algorithm on the geometry data. We have applied the

OPCA algorithm in two different ways. (i) In the first case, the temporal segmentation algorithm is

applied across the frames of a BIMO-3D animation to segment it into IMO blocks. The OPCA is
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applied on the animation data of each IMO block. This method is termed as segment adaptive OPCA

(SA-OPCA). (ii) In the second case, spatial segmentation is applied on all IMO blocks to isolate the

geometry data of the constituent 3D objects. The geometry data of the unique 3D objects present

in multiple IMO blocks are extracted across the frames in IMO blocks. The geometry data of the

unique 3D objects which are very small in number of vertices, are further merged spatially with the

other unique objects based on their Euclidean distances and a threshold value for the vertex count.

The OPCA algorithm is then applied on the geometry data of all the merged unique 3D objects. This

method is termed as merged OPCA (M-OPCA). The geometry compression results obtained using the

M-OPCA method are compared with those of SA-PCA and SA-OPCA algorithms. Figure 4.13 shows

the segmented 3D objects in a frame of each IMO block obtained from the “Cloth-Cow-Dance” BIMO-

3D animation. The vertices belonging to the segmented 3D objects are plotted in separate colours for

visual distinction. To evaluate the compression performances of the SA-PCA, SA-OPCA and M-OPCA

methods, four BIMO-3D animations namely, “Chicken-Cloth”, “CowDanceSnake”, “ClothToasters”

and “ClothCowDance” are considered. A threshold value, λTh = 99.9% is used for all the methods

to select the eigen values and their corresponding EVs. The RD performances are measured in terms

of KGerr and STED metrics for different target bitrates (bpvfs). Figures 4.14(a), 4.14(b) 4.14(c)

and 4.14(d) show the performance comparison of the SA-PCA, SA-OPCA and M-OPCA methods

in terms of KGerr metric for different bpvfs. The RD-performance of the SA-PCA is inferior to

other two methods for all the sequences. The best performance is found for the M-OPCA method

for all the sequences at lower bpvf values. At higher bpbf values, the performance of SA-OPCA and

M-OPCA methods are almost similar. The RD performances of the algorithms on the above four

sequences are measured using the STED metric as shown in Figure 4.15. The RD-performance of the

SA-PCA shows inferior to other two methods for all the sequences. For the SA-OPCA and M-OPCA

methods, the compression performances are similar as shown in Figures 4.15(a), 4.15(c) and 4.15(d).

For the “CowDanceSnake” sequence, the performance of M-OPCA is much better than SA-OPCA

and SA-PCA as shown in Figure 4.15(b). Thus, the experimental results demonstrate the superior

performance of the proposed object based compression schemes.
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(a) (b)

(c) (d)

(e)

Figure 4.13: Segmentation of 3D objects in five IMO segments for “Cloth-Cow-Dance” BIMO-3D animation:
(a) 4 objects in 1st IMO segment, (b) 5 objects in 2nd IMO segment, (c) 6 objects in 3rd IMO segment, (d) 2
objects in 4th IMO segment and (e) 1 object in 5th IMO segment
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Figure 4.14: Comparative performance of the SA-PCA, the SA-OPCA and the M-OPCA algorithms in terms
of KGerr metric on BIMO-3D animations: (a) ‘Chicken-Cloth” sequence with 5 objects in 3 IMO blocks, (b)
“Cow-Dance-Snake” sequence with 3 objects in 3 IMO blocks, (c) “Cloth-Toasters” sequence with 45 objects
in 3 IMO bloks and (d) “Cloth-Cow-Dance” sequence with 6 objects in 3 IMO blocks.
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Figure 4.15: Comparative performance of the SA-PCA, the SA-OPCA and the M-OPCA algorithms in terms
of the STED metric on BIMO-3D animations: (a) “Chicken-Cloth” sequence with 5 objects in 3 IMO blocks,
(b) “Cow-Dance-Snake” sequence with 3 objects in 3 IMO blocks, (c) “Cloth-Toasters” sequence with 45 objects
in 3 IMO blocks, and (d) “Cloth-Cow-Dance” sequence with 6 objects in 3 IMO blocks.
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4.7 Conclusions

This chapter presented a novel method for the geometry compression of multi-object 3D anima-

tions. It exploits the spatio-temporal correlations of the individual 3D objects across the animation

duration. The method deals with compression of geometry data of BIMO-3D animations. The BIMO-

3D animations contain multiple 3D objects per frame and satisfy the graph isomorphism property in

sets of successive frames. The proposed method applies a temporal segmentation algorithm to divide

the animation data of the consecutive frames into different IMO blocks. Each IMO block satisfies the

graph isomorphism property for the set of frames belonging to it. The proposed connectivity based

spatial segmentation algorithm is applied on each IMO block to detect the vertices belonging to the

individual 3D objects. The geometry data of the individual 3D object are then separated out for

each IMO block. The 3D objects spanning across multiple IMO blocks are detected based on their

mesh attributes and Euclidean distances. The geometry data of those unique 3D objects are extracted

across the frames in IMO blocks. The OPCA algorithm is finally applied on the vertex trajectories of

the unique 3D objects to get the compression. The compression performance of the proposed merged

OPCA (M-OPCA) method is evaluated on a few BIMO-3D animations. The performance has been

compared with the SA-PCA and SA-OPCA methods which apply the PCA and OPCA algorithm

respectively on geometry data of each IMO block without any merging operation. For the “Cloth-

Cow-Dance” sequence, at bpvf ≈ 2.0, the KGerr value is 0.9098 for M-OPCA, whereas for SA-OPCA

it is 1.97. For SA-PCA, the error is high at 6.39. For other sequences also, the merged OPCA is

found to be better than that of the SA-PCA and SA-OPCA methods. Thus, the proposed method is

suitable for 3D animation compression having multiple objects in sequential frames.
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5.1 Introduction

The dynamic 3D meshes undergo various processing operations for reliable storage, transmission,

security and visualization. These operations include compression algorithms for efficient storage and

streaming through network environments, watermarking for security and copyright protection, level-

of-details (LOD) simplification for faster processing and rendering. Most of these operations are

applied mainly on the geometry part of the animation data. Geometric distortions are introduced in

the original data because of these operations. The geometrical distortions result in visual artifacts in

the reconstructed animation after rendering and alter the perceptual quality of the 3D content with

respect to the original one. Hence, the quality assessment of 3D animation is very much essential.

The quality of the reconstructed animation can be evaluated using a quality metric. This may also

help for the development and optimization of the geometry processing algorithms. A quality metric

is alternatively termed as a Distortion metric (DM). A DM signifies the amount of distortion present

or visible in a reconstructed 3D animation. The score of a DM can be correlated with the quality

score because a high quality metric value signifies a low amount of distortion introduced. This chapter

investigates the existing DMs for 3D animations. An improved DM is proposed and its performance

is compared with other existing metrics in terms of correlation with the subjective quality scores.

The rest of the chapter is organised as follows: Section 5.2 presents an overview of different DMs

used for the quality assessment of static and dynamic 3D meshes. Section 5.3 presents the details about

the existing perceptual and non-perceptual DMs used specifically for 3D animations. The details of

the proposed perceptual visual distortion (PVD) metric designed for 3D animations is presented in

Section 5.4. Section 5.5 presents the performance evaluation of the proposed PVD metric in terms of

correlation with subjective scores available for two publicly available 3D animation databases. Section

5.6 concludes the chapter by discussing the benefits of the proposed PVD metric.

5.2 Distortion metrics for 3D meshes

To evaluate the performance of geometry compression algorithms, it is necessary to perform the

quality assessment of the decompressed animation data. The quality assessment involves the subjective

or objective evaluation of the reconstructed 3D mesh data with respect to its original. The subjective

evaluation refers to the quality assessment of the reconstructed or impaired 3D meshes by human
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observers in terms of opinion scores based on the visual quality. The subjective opinion scores for a

3D mesh can be expressed in terms of either mean opinion score (MOS) value or differential mean

opinion score (DMOS) value [71]. The MOS value of a distorted 3D mesh is obtained by averaging

the raw opinion scores from different human observers for that mesh. The raw opinion scores are

generally obtained as integer values with a scale of either from 0 to 10 or from 0 to 5. The DMOS

value of a distorted 3D mesh is obtained by averaging the difference scores computed by subtracting

the raw opinion scores of the distorted mesh from the reference score of the corresponding original

mesh. However, carrying out subjective assessment is always time consuming, which cannot be made

as an automatic process. The researchers have, therefore, focused on the development of objective

DMs which can automatically predict the quality. An objective DM can be easily deployed along with

the mesh compression algorithms to assess and control the visual quality of the final outputs.

The objective DMs for 3D meshes are computed by two approaches: model-based and image-

based approaches [72]. The model-based approach computes the DM from the geometrical or other

structural information of the 3D models in the 3D object space. These DMs are also termed as

viewpoint-independent metrics. In the 3D space, the 3D mesh geometry can be viewed from any

viewpoint [73]. On the other hand, the image-based approach computes the DM values in the image

space using the images of the 3D models rendered from a viewpoint. The image-based DMs are also

termed as viewpoint-dependent metrics since different images are obtained for a 3D model when it

is rendered from different viewpoints. The rendered images depend on the surface colour, texture

information of the 3D models and also on the lighting condition at the viewpoint.

The goal of any model-based or image-based DM is to predict the quality of a distorted 3D mesh

in an automatic manner correlating with the subjective score. However, not all of the model-based

or image-based DMs applied on the distorted meshes can give outputs in correlation with subjective

scores. Hence, the researchers in the computer graphics domain have started to integrate the properties

of the HVS with the objective DMs. Based on the nature of integration of the properties of the human

visual system (HVS), the DMs for 3D meshes can be classified into two categories: non-perceptual and

perceptual DMs [74]. The non-perceptual DMs are directly computed from the geometric information

of the 3D meshes without taking into account of any correlation effects of the HVS. On the other

hand, the perceptual DMs depend on the geometric information, texture information and different
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psycho-perceptual factors related to HVS. They are computed by integrating the properties of the

HVS like sensitivity to contrast, colour, visual masking and so on. The perceptual DMs perceive

the visual quality of the distorted 3D meshes better than the non-perceptual DMs as reported in the

literature [74], [75], [73], [71], [76].

Image-based DMs for 3D Meshes

The image-based approach considers the rendered image of the 3D model taken from a particular

viewpoint and it provides a view-dependent quality assessment of 3D meshes. A number of image-

based DMs for static 3D meshes have been developed by applying the image processing algorithms

on the rendered images of 3D meshes as done in the computation of 2D image metrics [77], [78], [79],

[80], [81], [82], [83], [84], [74], [73], [85]. However, there are problems with the image-based DMs in

the context of computer graphics applications as reported by Rogowitz and Rushmeier in [86]. It was

demonstrated that the perceived quality measured by the image-based DMs from the 2D images of

3D meshes are not adequate to evaluate and correctly predict the perceived quality compared to the

model-based DMs in the geometric space. They have made the following observations:

(a) The scene lighting conditions strongly affect the perceptual image-based DMs compared to the

geometric metric (model-based); and

(b) For 3D meshes undergoing simplification operation, the quality of the 3D objects perceived by

the human observers differs according to whether the objects are observed as static 2D projected

images or as an animated sequence of the 2D projected images taken from different viewpoints.

The difference in perceived quality is difficult to integrate in the perceptual image-based DMs.

For the above two main disadvantages, the image-based DMs are not considered in our investigation.

In this chapter, we have consider only the model-based DMs for the visual quality assessment of 3D

meshes. An overview of the model-based DMs that are most commonly used for quality measurement

of 3D meshes from various processing algorithms is presented below.

Model-based Objective DMs for 3D Meshes

The model-based objective DMs are initially applied in the context of quality assessment of 3D

meshes processed using the simplification algorithms. The goal was to control the level of mesh
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simplification steps to represent the 3D mesh with reduced number of vertices while preserving the

visual quality. Most of the existing model-based DMs for 3D meshes were originally developed for

the static 3D meshes. The model based DMs for 3D meshes are also divided into non-perceptual and

perceptual types based on the integration of characteristics of HVS in computing the metric values.

Some of the popular and widely used model-based non-perceptual DMs for static 3D meshes are the

root mean square (RMS) error, the Metro distortion metric using the Hausdorff distance (HD) [87], the

maximum root mean square (MRMS) error [88] and the peak signal to noise ratio (PSNR) [61], [89].The

above model-based non-perceptual DMs fail to correctly capture the visual quality difference between

two 3D meshes correlating with the perceived visual quality of human observers. These simple metrics

provide a very poor predictor of visual fidelity (as demonstrated in [72]), since they are computed based

on the geometrical distances without taking into account of the characteristics of the HVS. To address

this, a number of model-based perceptual visual distortion (PVD) metrics have been developed by

the researchers in the computer graphics domain. These PVD metrics integrate different perceptual

characteristics of the HVS such as the sensitivities to curvature information, edge lengths, dihedral

angles, surface normals and texture information. The texture mapping on the triangular meshes is

important for rendering the visual quality of 3D animated meshes to provide realistic visualization.

The references [107], [108], [109] and [110] consider geometry, texture and other perceptual factors

for developing perceptual DMs. Some of the existing model-based PVD metrics for static 3D meshes

are the geometric Laplacian (GL) [17], the mesh structural distortion measure (MSDM) [90], [91], the

dihedral angle mesh error (DAME) [92], the fast mesh perceptual distortion (FMPD) [93] and the

tensor-based perceptual distortion measure (TPDM) [94].

5.3 Model-based DMs for 3D animations

A 3D animation comprises of a series of static mesh frames. The model-based DMs that are used

for the evaluation of 3D animations can be applied in two different ways. (i) In the first approach, any

DM developed for the static 3D meshes is applied in a frame-wise manner and the final DM value for

the animation is given by the sum, average or maximum value of frame-wise DMs. (ii) In the second

approach, the DM for a 3D animation is computed by considering the whole dynamic geometry data as

a single entity in a matrix form. This class of DMs can address both the spatial and temporal artifacts
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that occur in a 3D animation, which is not possible in the first approach. Like in the case of static 3D

meshes, the existing model-based DMs for the 3D animations are also divided into non-perceptual and

perceptual types based on their correlations with the HVS. An overview of the existing non-perceptual

and perceptual model-based DMs for 3D animations is presented below.

5.3.1 Model-based non-perceptual DMs for 3D animations

Consider two 3D animationsMd and M̃d, each consisting of Nf frames and Nv number of vertices

per frame with identical connectivity. Let pfvi and p̃fvi ∈ R3 denote the coordinates of i-th vertex of

f -th frame of Md and M̃d respectively. The following are the non-perceptual DMs for these meshes:

(i) Average root mean square (ARMS) error

The ARMS error between Md and M̃d is computed as the average of the frame-wise RMS

difference calculated over all the frames and written as

ARMS(Md,M̃d) =
1

Nf

Nf∑
f=1

√√√√ 1

Nv

Nv∑
i=1

∥∥∥pfvi − p̃fvi

∥∥∥2 (5.1)

(ii) Average Hausdorff distance (AHD)

The Hausdorff distance (HD) metric has been applied by Cho et al. [25] to evaluate the per-

formance of the wavelet based compression of 3D animations. The average Hausdorff distance

(AHD) between Md and M̃d is computed as the average of the frame-wise symmetric HDs

between the original and the reconstructed mesh sequences and written as

AHD(Md,M̃d) =
1

Nf

Nf∑
i=1

max{dH(Msi ,M̃si), dH(M̃si ,Msi)} (5.2)

where dH(Msi ,M̃si) is the directed one-sided Hausdorff distance between two static mesh sur-

faces Msi and M̃si with the number of vertices Nv and N ′v respectively and defined as

dH(Msi ,M̃si) = max
∀vj∈Msi

d(vj ,M̃si), (5.3)

The d(vj ,M̃si) is the distance between a vertex vj on the mesh Msi to a closest vertex v′k on

the mesh M̃si and given by

d(vj ,M̃si) = min
∀v′k∈M̃si

∥∥∥pivj − piv′k

∥∥∥, j ∈ 1 . . . Nv, k ∈ 1 . . . N ′v (5.4)
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We can similarly define dH(M̃si ,Msi).

(iii) Average maximum root mean square (AMRMS) error

The AMRMS error is also an HD based DM and it was used in [95] for evaluating the coding

performance of dynamic 3D meshes obtained using the spatial and temporal wavelet analysis.

The AMRMS error between Md and M̃d is computed as the average of the frame-wise MRMS

error and written as

AMRMS(Md,M̃d) =
1

Nf

Nf∑
i=1

1

D
max{dRMSE(Msi ,M̃si), dRMSE(M̃si ,M̃s)} (5.5)

The frame-wise MRMS error is computed as the maximum of the two directed RMS error

distances between the two surfaces and defined as

MRMS(Ms,M̃s) =
1

D
max{dRMSE(Ms,M̃s), dRMSE(M̃s,Ms)}, (5.6)

where dRMSE(Msi ,M̃si) is the directed RMS error distance from Ms to M̃s and is defined as

dRMSE(Ms,M̃s) =

√
1

|Ms|
∑

vi∈Ms

d(vi,M̃s)
2

(5.7)

Similarly, the directed RMS error dRMSE(M̃s,Ms) from M̃s to Ms is computed. The cal-

culation of both AHD and AMRMSE metric values for dynamic 3D meshes requires high

computation time and large memory.

(iv) Mean square error (MSE)

A full reference mean square error (MSE) based DM for the dynamic 3D meshes was first

proposed by Heu et al. [96]. The MSE between Md and M̃d is computed by considering the

whole animation geometry data in a matrix form and given by

MSE(Md,M̃d) =

∥∥∥A− Ã
∥∥∥2
f

3NvNf
(5.8)

where A and Ã are matrices representing the geometry data of Md and M̃d respectively with

dimension [3Nv ×Nf ] and the notation ‖.‖f denotes the Frobenius norm. The computation time

of this metric is lower than that of the AHD and AMRMS metrics.
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(v) Signal to noise ratio (SNR)

A objective DM based on the SNR was used by Yang et al. [97] to evaluate the performance of

their prediction based 3D animation compression algorithm. It is defined as

SNR(Md,M̃d) = 10 log10

Nf∑
f=1

Nv∑
i=1

∥∥∥pfvi∥∥∥2
Nf∑
f=1

Nv∑
i=1

∥∥∥pfvi − p̃fvi

∥∥∥2 (5.9)

(vi) KG-error

Karni and Gotsman [3] proposed a full reference model-based DM for 3D animations. It is

abbreviated as KGerr in the literatures and based on the pure geometric distance between

meshes of 3D animations. It is the most widely used DM for the 3D animations and defined as

KGerr(Md,M̃d) =

∥∥∥A− Ã
∥∥∥
f

‖A−E(A)‖f
× 100% (5.10)

where E(A) is the mean matrix of size [3Nv × Nf ] with each column consisting of the mean

frame of the animation computed from matrix A by averaging its Nf columns. The KGerr

approach is different from the MSE calculation as it takes a different normalization parameter.

The denominator term ensures that the value of KGerr is invariant to the uniform scaling of

both the original and reconstructed datasets. However, it is not the best distortion metric for

animated meshes as it is not invariant to global translation or rotation of the dataset.

The above model-based DMs have been used by various researchers for the quality evaluation of the

dynamic 3D mesh processing algorithms. However, these DMs lack correlation with the subjective

assessment scores for the visual quality. Moreover, the most of the above DMs do not show invariance

to global scaling, translation or rotation effects of the animated meshes. To address the above issues,

researches have started developing model-based PVD metrics for 3D animations by incorporating the

properties of the HVS to get the maximum correlation with the subjective opinion scores. An overview

of the existing PVD metrics for 3D animations is presented below.

5.3.2 Model-based PVD metrics for 3D animations

The model-based PVD metrics for 3D animations have not been explored much. Some of the

PVD metrics developed for the static 3D meshes can be extended to detect visual distortion in a 3D
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animation using the average or maximum value of the frame-wise DMs. However, the application of

the PVD metrics for static 3D meshes on the 3D animations cannot detect temporal artifacts which

may occur across the frames. They also cannot address the temporal visual masking effect sensitive

to the HVS, since they do not take into account the temporal features related to the speed and the

motion directions of the mesh vertices. Hence, the development of a model-based PVD metrics by

considering both the spatial and temporal features of 3D animations is an important research area. A

PVD metric should always give output values correlating with the HVS. To verify that, it is necessary

to evaluate the correlation performance of a PVD metric with the subjective opinion scores given by

human observers based on the visual quality of distorted 3D animations.

5.3.2.1 Measure of correlations between the PVD metric and subjective scores

The correlation performances of a PVD metric are measured in terms of Pearson’s linear correlation

coefficient (PLCC) and Spearman’s rank order correlation coefficient (SROCC) [49]. The PLCC

measures the linear correlation between the objective metric and the subjective scores to provide the

prediction accuracy of the metric. The SROCC value measures the statistical dependence between

the ranks of objective and subjective scores to give the prediction monotonicity of the metric.

Consider two data sets Xo and Ys with Ns number of samples of the objective metrics xi and their

corresponding subjective scores yi as the elements. The PLCC value ρp between the two sets Xo and

Ys is computed as

ρp =

∑
i

(xi − x̄o) (yi − ȳs)√∑
i

(xi − x̄o)2(yi − ȳs)2
(5.11)

where x̄o denotes mean value of the objective metrics and ȳs denotes mean value of the subjective

scores expressed in terms of either a MOS or a DMOS value. The value of ρp lies in the interval −1

to 1, where a ρp = +1 signifies linear dependence, ρp = −1 signifies negative linear dependence and

ρp = 0 signifies zero correlation between the values of Xo and Xs.

The SROCC provides a measure of linear association between the ranks of the elements of Xo and

Ys. Let rxi and rsi represent the ranks of the objective metrics xi and the corresponding subjective

scores yi. Each rank is an integer value, from 1 to Ns. The values of objective metric, xis, are ranked

from low to high such that rank 1 indicates the lowest value and rank Ns indicates the highest value.
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The subjective scores, yis, are also ranked from low to high such that rank 1 is assigned to the lowest

DMOS value and rank Ns corresponds to the highest DMOS value. The SROCC ρs is obtained by

using the ranks values, rxi and rsi , in the computation of PLCC and given as

ρs =

∑
i

(rxi − r̄x) (ryi − r̄y)√∑
i

(rxi − r̄x)2(ryi − r̄y)
2

(5.12)

where r̄x denotes mean value of rxi and r̄y denotes mean value of ryi . Like the PLCC ρp, the value of

ρs lies in the interval −1 to 1, where ρs = +1 signifies perfect positive correlation, ρs = −1 signifies

perfect negative correlation and ρs = 0 signifies zero correlation between the rank values of xi and yi.

The existing quality assessment methods have recommended a step of curve fitting between the

subjective scores and the objective metrics before computing the PLCCs. This curve fitting is done

using a suitable non-linear psychometric function [98], [99], [71] which maps the objective metric

values to the subjective scores represented by the MOS or DMOS values. The use of the non-linear

psychometric function helps in removing any non-linearity from the subjective scores. The most

commonly used non-linear psychometric function is the three-parameter logistic function given as

f(a, b, c,m) =
a

1 + e−b(m−c)
(5.13)

where m is the actual objective metric before fitting and the parameters a, b and c are obtained

through a non-linear least squares fitting between the actual objective metrics and the corresponding

MOS or DMOS values from the subjective assessments.

5.3.3 Existing model-based PVD metrics

Vasa et al. [9] have proposed the first full-reference PVD metric for the 3D animations called the

spatio-temporal edge difference (STED) metric for evaluating the performance of geometry compression

algorithms. The STED metric is based on the fact that the perception of distortion is related to the

local and the relative changes of edge lengths rather than the global and absolute changes of the

vertex geometry. This metric uses the edge attribute of the dynamic 3D mesh to compute the relative

changes in the spatial and the virtual temporal edge lengths between the original and the distorted

mesh sequences across the animation. The virtual temporal edges are formed by connecting a vertex

in a frame to its positions in the subsequent frames. The final metric value is given by the hypotenuse
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of right-angle triangle represented by the spatial and temporal edge lengths errors across the frame.

Another PVD metric for 3D animations called the dynamic mesh perceptual distance (DMPD) was

proposed by Torkhani et al. [71]. The metric is computed as the weighted mean square combinations

of three perceptual measures correlated with the HVS. The first one is the speed-weighted surface

local roughness distortion measure, the second one is the vertex motion based distortion measure and

the third one is the vertex motion direction based distortion measure. A database was also created

by the authors by applying various distortions on some 3D animation sequences including the spatial

and visual masking effects. We present below an outline of the STED [9] and the DMPD [71] metrics

specifically developed for the quality assessment of 3D animations.

(a) STED metric

As discussed above, the STED metric combines the spatial and the temporal deviations of the

edge lengths computed at each vertex of the original and the distorted frames of the animations.

The spatial part computes the standard deviation of the relative edge lengths difference between

the original and the distorted animations at each vertex of the frames within its topological

neighbourhood vertices. Thus, it focusses mainly on the local change of errors. These relative

edge differences for the vertices are summed over all the frames to get the overall spatial part

of the STED metric. The temporal part computes the difference between the virtual temporal

edges in the original and the distorted meshes for each vertex of the frames. The temporal edge

differences are also normalized by the speed of the vertex within a local temporal windows to

take into account the shaking artifacts which are more visible in the areas that move slowly or

remain static during the animation. The mathematical details for computing the spatial and

temporal parts of the STED metric between two animations,Md and M̃d, are explained below.

(i) Spatial edge error

Let eij represent a spatial edge connecting two vertices vfi and vfj in the frame f of the

original animation Md and ẽij be the corresponding spatial edge in the frame f of the

reconstructed animation M̃d. The lengths of the spatial edges eij and ẽij in the frame f of
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Md and M̃d respectively are measured as

el(eij , f) =
∥∥∥pfvi − pfvj

∥∥∥
el(ẽij , f) =

∥∥∥p̃fvi − p̃fvj

∥∥∥ (5.14)

where the notation ‖.‖ denotes the Euclidean norm. The relative edge difference, ed(eij , f),

between the spatial edges eij and ẽij for the f -th frame is now measured as

ed(eij , f) =

∥∥∥∥el(eij , f)− el(ẽij , f)

el(eij , f)

∥∥∥∥ (5.15)

Note that the ed(eij , f) measure increases the sensitivity to the distortion that occurs in

the densely populated areas of a mesh frame. This relative edge difference is measured for

the edges formed by each vertex vfi with its topological neighbourhood vertices for the user

specified topological distance d. The set of vertices with topological distance d signifies the

set of vertices which are apart up to a maximum d edges from the i-th vertex and is denoted

as nv(i, d). Accordingly, a set of neighbouring edges, ne(i, d), incident on each of the vertex

in the set nv(i, d) is obtained. The lengths of edges in the set ne(i, d) are different for each

vertex vfi . So, the average relative edge difference edavg(i, f, d) around vfi is computed as

the weighted average of the relative edge difference with the neighbourhood edges and given

by

edavg(i, f, d) =

∑
e∈ne(i,d)

ed(e, f)el(e, f)∑
e∈ne(i,d)

el(e, f)
(5.16)

The weight of each edge is determined by its length in the original mesh frame. Now, the

local deviation of the edge differences dev(i, f, d) around vfi for the topological distance d

is computed as

dev(i, f, d) =

√√√√√√
∑

e∈ne(i,d)

(ed(e, f)− edavg(i, f, d))2el(e, f)∑
e∈Ne(i,d)

el(e, f)
(5.17)

The average of the local deviations over Nv vertices and Nf frames of the mesh sequence

contributes to the spatial error part of the STED metric for the given distance d and is
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given by

STEDs(d) =
1

NvNf

Nv∑
i=1

Nf∑
j=1

dev(i, f, d) (5.18)

(ii) Temporal edge error

The calculation of the temporal edge error is similar to that of the spatial edge error with

the exception that the virtual edges connecting the vertices in the subsequent frames are

considered in this case. The temporal edge length tel(i, f) between the vertex vfi in a frame

f and the corresponding vertex vf+1
i in the frame (f + 1) of the original animation Md is

calculated as follows:

ld = max
i,j∈{1...Nv}

(∥∥∥p1
vi − p1

vj

∥∥∥)
dx(i, f) =

vf+1
ix
−vfix
ld

dy(i, f) =
vf+1
iy
−vfiy
ld

dz(i, f) =
vf+1
iz
−vfiz
ld

tel(i, f) =
√
dx(i, f)2 + dy(i, f)2 + dz(i, f)2 + d2t

(5.19)

where vfix , vfiy and vfiz are the x, y and z coordinates of the vertex vfi and dt is an empirical

constant used to avoid zero length temporal edges from the processing of static vertices.

Similarly, the temporal edge lengths ˜tel(i, f) for the vertices in the reconstructed animation

M̃d are computed. The values of tel(i, f) and ˜tel(i, f) are not defined for the vertices in

the last frame Nf .

To evaluate the steadiness of the movement of the vertex vfi in a frame f , the average

spatio-temporal speed st of the vertex is computed within a temporal window of size w

around f as

st(i, f, w) =

min(Nf ,f+w)∑
lf=max(1,f−w)

tel(i, lf)

min(Nf , f + w)−max(1, f − w)
. (5.20)

The use of the relative temporal edge length instead of the absolute length increases the

sensitivity of the metric in the areas of very slow motion. The relative temporal edge

137TH-2126-06610214



5. An Improved Distortion Metric for 3D Animation Geometry

difference for the i-th vertex in the original and reconstructed frame f can be defined as

ted(i, f, w) =
|tel(i, f)− ˜tel(i, f)|

st(i, f, w)
. (5.21)

Finally, the overall temporal error is calculated as the average over all the Nv vertices and

(Nf − 1) frames and given by

STEDt(w) =
1

Nv(Nf − 1)

Nv∑
i=1

Nf−1∑
f=1

ted(i, f, w). (5.22)

The overall spatio-temporal edge difference, STED, is now calculated by combing the

STEDs and STEDt as

STED(d,w) =

√
STEDs(d)2 + c2.STEDt(w)2. (5.23)

where c is the weighting coefficient parameter.

From the above expression, it is clear that the STED metric depends on several parameters

such as the width of the topological neighbourhood d, width of temporal local windows

w, the distance between two consecutive frames dt and the coefficient c for weighting the

spatial and the temporal part. As per the experimental results mentioned in [49], the values

for these STED parameters were set as d = 1, w = 5, dt = 0.0003 and c = 9.144× 10−5 to

get highest possible correlation with the subjective opinion scores.

(b) DMPD Metric

The DMPD metric between two dynamic 3D meshes Md and M̃d is computed as the weighted

mean of three perceptual distances called the speed-weighted spatial-based perceptual distance

(SWSPD), the speed based perceptual distance (SPPD) and the angle-based perceptual distance

(APD) and written as

DMPD(Md,M̃d) =

√
w1(SWSPD)2 + w2(SPPD)2 + w3(APD)2 (5.24)

where w1,w2 and w3 are the non-negative weights such that w1 + w2 + w3 = 1. The steps for

computing the SWSPD, the SPPD and the APD are discussed below.

(i) Speed-weighted spatial-based perceptual distance (SWSPD)
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The SWSPD metric between Md and M̃d employs the spatial perceptual features such as

the local roughness of the mesh surface for calculating the perceptual distance. Let nf (i)

be the set of all the neighbouring facets at vertex vfi of the frame f in Md and nv(i, 1) is

the set of all the neighbouring vertices of vfi with topological distance d = 1. The value of

the discrete Gaussian curvature GCfi at vfi is then computed as

GCfi =

∣∣∣∣∣∣2π −
∑

k∈nf (i)

θk

∣∣∣∣∣∣ (5.25)

where θk is the angle made by the facet k ∈ nf (i) with vfi as shown in Figure 5.1(a).

v
f
i

θk

(a)

v
f
i v

f
j

β
f
ij

β̂
f
ij

(b)

Figure 5.1: (a) Angle θk formed by a facet to vfi . (b) Angles βf
ij and β̂f

ij for an edge connecting vfi and vfj .

Likewise, the mesh Laplacian matrix Df
ij at vfi is computed using its neighbouring vertex

vfj , j ∈ nv(i, 1) and given by

Df
ij =

cot(βf
ij)+cot(β̂f

ij)

2 , i 6= j

and Df
ii = −

∑
j∈nv(i,1)

Df
ij

(5.26)

where βfij and β̂fij are the two angles opposite to the edge connecting vertices vfi and vfj of

frame f in Md as shown in Figure 5.1(b). The local roughness value rfi at vfi is defined as

the absolute value of the Laplacian of Gaussian curvature and given by

rfi =

∣∣∣∣∣∣∣∣GCi
f −

∑
j∈nv(i)

Df
ijGC

f
j∑

j∈nv(i)

Df
ij

∣∣∣∣∣∣∣∣ =

∣∣∣∣∣∣∣∣GCi
f +

∑
j∈nv(i)

Df
ijGC

f
j

Df
ii

∣∣∣∣∣∣∣∣ , i ∈ {1, . . . , Nv} , f ∈ {1, . . . , Nf}

(5.27)

Similarly, the local roughness value r̃fi for each vertex ṽfi of the frames in M̃d is computed.
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The difference of rfi and r̃fi at each vertex vfi of the frames in Md and M̃d is computed as

δr(i, f) =

∣∣∣rfi − r̃fi ∣∣∣
rfi + r̃fi + Cr

, i ∈ {1, . . . , Nv} , f ∈ {1, . . . , Nf} (5.28)

where Cr = 0.002 is a small constant to avoid numerical instability for the denominator

value near zero [71]. δr(i, f) contributes to the spatio-visual masking effect to some extent

due to the terms rfi and r̃fi in the denominator. Because, for the same amount of local

roughness change as given by
∣∣∣rfi − r̃fi ∣∣∣, the value of δr(i, f) will be smaller in a rougher

region of the mesh (where rfi and r̃fi have larger values) compared to that in a smoother

region of the mesh.

The visibility of the spatial distortions is reduced to some extent in the fast moving regions

of the dynamic meshes. To take into account this speeding effect, the δr(i, f) values are

weighted by the speed of the respective vertex in the original mesh to capture a hybrid

spatio-temporal effect of the perceived distortions. The value of δr(i, f) is weighted by

a small weight if the vertex vfi moves very fast and vice-versa. The perceptual distance

δrs(i, f) at each vertex vfi of the frames is computed as

δrs(i, f) =


ws1 · δr(i, f) if st(i, f) ≤ Th1,(
ws1 −

ws
1−ws

2
Th2−Th1 [st(i, f)− Th1]

)
· δr(i, f) if Th1 < st(i, f) ≤ Th2,

ws2 · δr(i, f) if st(i, f) > Th2,

(5.29)

where st(i, f) is the forward speed of the vertex vfi normalized by the scene bounding box

diagonal of the dynamic mesh, Th1 and Th2 are the threshold constants for the vertex

forward speed and ws1 and ws2 are the constants used for weighting the local roughness

differences. The values of these constant parameters were set at Th1 = 0.01, Th2 = 0.05,

ws1 = 1 and ws2 = 0.3 in the experiment performed in [71] for the improvement of overall

correlation with the subjective scores.

The speed-weighted local perceptual distances δrs(i, f)s for each vertex vfi are then spatially

pooled together using the power-3 Minkowski sum to get the per-frame speed weighted local
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perceptual errors δrts(f) as

δrts(f) =

(
1

Nv

Nv∑
i=1

|δrs(i, f)|3
) 1

3

(5.30)

The values of δrts(f) for the Nf number of frames are sorted in an ascending order to get

δ̂r
t

s(f) such that δ̂r
t

s(f1) ≤ δ̂r
t

s(f2) for any f1 < f2. A set of weights ŵf for all the Nf

frames are then determined as

ŵf =

(
f

Nf

)pw
, (5.31)

where pw is a constant parameter to control the weights ŵf along with the increase in frame

number index f . A higher value of pw assigns higher weights to the frames with severe

distortions. A value of pw = 10 was used for the experiments reported in [71] for improving

the correlation between the objective and the subjective scores.

The final SWSPD metric between Md and M̃d is computed by pooling together the

weighted combinations of per frame errors δ̂r
t

s(f)s using the weights ŵf and given by

SWSPD(Md, M̃d) =

Nf∑
f=1

ŵf · δ̂r
t

s(f)

Nf∑
f=1

ŵf

(5.32)

(ii) Speed based perceptual distance (SPPD)

The SPPD metric betweenMd and M̃d is computed by incorporating the temporal feature

related to the vertex speed. It is based on the difference in forward motion vectors calculated

at each vertex of the frames of Md and M̃d.

Let dfi and d̃fi represent the respective forward motion vectors of the vertices vfi and ṽfi

in the frame f of Md and M̃d. These motion vectors are also normalized by the diagonal

length of the scene bounding box to ensure scale invariance. For the vertices in the last

frame of mesh sequences, the backward motion vectors have been used. A speed-based local

perceptual distance δs(i, f) between vfi and ṽfi is computed using the difference in norm of
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their motion vectors and given by

δs(i, f) =

∣∣∣∥∥∥dfi ∥∥∥− ∥∥∥d̃fi ∥∥∥∣∣∣∥∥∥dfi ∥∥∥+
∥∥∥d̃fi ∥∥∥+ Cs

, i ∈ {1, . . . , Nv} , f ∈ {1, . . . , Nf} (5.33)

where Cs = 0.002 is a constant used to avoid numerical instability. The values of δs(i, f)

also capture the temporal masking effect to some extent due to the terms
∥∥∥dfi ∥∥∥ and

∥∥∥d̃fi ∥∥∥
in the denominator. Because, the same value of speed change as given by

∣∣∣∥∥∥dfi ∥∥∥− ∥∥∥d̃fi ∥∥∥∣∣∣,
will induce a smaller error value of δs(i, f) in a fast-moving region of the mesh (i.e., where∥∥∥dfi ∥∥∥ and

∥∥∥d̃fi ∥∥∥ values are higher) compared to that in a slowly moving or static part of

the mesh. This is based on the observation that motion distortions are more difficult to

perceive in a fast moving object than in a slowly moving object. The δs(i, f) values for all

the vertices in each frame are spatially pooled via the power-5 Minkowski sum to get the

frame-wise local perceptual distances δst(f) as given by

δst(f) =

(
1

Nv

Nv∑
i=1

|δs(i, f)|5
) 1

5

(5.34)

The δst(f) values for each frame f are finally pooled using the power-3 Minkowski sum to

yield the global speed based perceptual distance, SPPD(Md,M̃d), as given by

SPPD(Md,M̃d) =

 1

Nf

Nf∑
i=1

∣∣δst(f)
∣∣3 1

3

(5.35)

(iii) Angle-based perceptual distance (APD)

The angle-based perceptual distance (APD) between Md and M̃d is based on the vertex-

wise change in the motion directions across the frames of the mesh sequences. The forward

and backward motion vectors are computed first for each vertex vfi in the frame f of the

original mesh Md and then the angle αfi ∈ [0, π) between the forward and the backward

motion vectors is computed. Similarly, the angle α̃fi ∈ [0, π) between the forward and the

backward motion vectors for each vertex ṽfi in the frame f of the distorted mesh sequence

is computed. The angle-based local perceptual distance δa(i, f) between vfi and ṽfi is

142TH-2126-06610214



5.4 Proposed model-based PVD metric for 3D animations

computed using the angle values αfi and α̃fi and given by

δa(i, f) =

∣∣∣αfi − α̃fi ∣∣∣
αfi + α̃fi + Ca

, i ∈ {1, . . . , Nv} , f ∈ {1, . . . , Nf} , (5.36)

where Ca = ( 1
32)π is a small constant to avoid numerical instability. The derivation of

δa(i, f) also takes into account the temporal visual masking effect similar to δs(i, f). The

δa(i, f) values for all the vertices in each frame are pooled spatially using the power-5

Minkowski sum to get the frame-wise local angle based perceptual distance δat(f) as

δat(f) =

(
1

Nv

Nv∑
i=1

|δa(i, f)|5
) 1

5

(5.37)

The δat(f) values for each frame f are finally pooled using the power-3 Minkowski sum to

yield the global angle based perceptual distance, APD(Md,M̃d), as

APD(Md,M̃d) =

 1

Nf

Nf∑
i=1

∣∣δat(f)
∣∣3 1

3

(5.38)

The SWSPD(Md,M̃d), SPPD(Md,M̃d) and APD(Md,M̃d) distances are finally combined

using the weighted mean square to compute the DMPD metric as given by Equation 5.24. The

values of the weights are empirically set as w1 = 0.4, w2 = 0.5 and w3 = 0.1 for the experiments

done in [71] to get improved correlation between the DMPD metric and the subjective scores.

The subjective evaluations in [71] were done on their self created database of dynamic 3D meshes

from 10 reference animations impaired with different real-world and simulated distortions.

5.4 Proposed model-based PVD metric for 3D animations

Our work aims at investigating the performance of the existing PVD metrics, namely STED and

DMPD, for the quality evaluation of 3D animations from the perceptual point of view and proposing

a new PVD metric. An ideal model-based PVD metric for 3D animations must account for the visual

error as interpreted by the HVS. We identify the following required properties that the PVD metric

should satisfy in the context of its correlation with the HVS. Some of these properties are equally

applicable to a PVD metric for the static 3D meshes. Our concern being the animation geometry

compression, the proposed as well as compared quality metrics do not consider the effect of texture

mapping on the perceptual quality of 3D objects.
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Properties of a PVD metric

(i) Invariance to affine transformations

A 3D animation can be viewed from any viewpoint in the 3D coordinate system and the end-

user’s viewpoint information is not known a priori. The application of any kind of global affine

transformations in terms of translation, scaling, rotation or their combinations on the set of

vertices in the frames of a 3D animation alters its geometry attribute. But these affine trans-

formation operations do not introduce any geometrical artifacts on the 3D mesh surface to be

visually perceived by the end-users. Hence, a PVD metric for 3D animations should be invariant

to any type of frame based affine transformations of the 3D objects about X, Y and Z axes.

It means that if the frames of either of the original or the distorted 3D animations or both the

animations are translated, scaled or rotated by some amount, the DM should not change its

value from the human perceptual point of view. It is because the original and the distorted

3D animation are generally viewed independently by the end-users in separate 3D windows

from any viewing angles. The viewing of an affine transformed or non-affine transformed 3D

animation individually cannot perceptually detect the translation, the scaling or the rotation

amount in the 3D mesh sequence, if any, introduced during the processing of the original mesh.

The translation, scaling or rotation in the frames of either of the animations will be noticeable

only if both the original and the transformed version of the decompressed 3D animations are

viewed simultaneously within one viewing window from any angle. This is a very rare case of

performance evaluation of the DMs. So, the final rule is that the PVD metric should detect

and cancel the effect of any of the frame-based global translation, scaling or rotation in the

distorted 3D animation with respect to the original animation to get the same value as with the

non-transformation cases.

(ii) Sensitivity to spatio-temporal artifacts

The PVD metrics for 3D animations should detect any local artifacts that occur in the frames

along the spatial and temporal directions. They should also take into account the visual masking

effects sensitive to the HVS.

(iii) Correlation with the opinion scores of human observers
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The PVD metrics should give output values having maximum correlation with the subjective

opinion scores on the visual quality of the 3D animations by human observers.

Limitations of the STED and the DMPD metrics

The STED and the DMPD metrics satisfy the above properties to some extents. However, we

have observed some issues with these metrics. They are discussed below.

a) The STED metric value has been reported to show invariance to the global rigid body transfor-

mations in terms of translation and rotation operations applied on both the animations. However,

it does not show invariance to the global scaling based affine transformation as indicated by our

experimental results at the end of this chapter.

b) The STED metric given in Equation (5.23) is a combination of spatial and temporal edge

error terms with a weighting coefficient parameter c to be selected empirically. However, in

the experimental result of the STED metric, a value of c = 9.144 × 10−5 has been considered

giving a negligible weight to the total temporal edge error term. This is to obtain maximum

correlations with the subjective scores obtained for the distorted 3D animations. This raises the

question about the need to compute the total temporal edge errors.

c) The DMPD metric has been reported to be conceptually invariant to similarity transformation

operations in terms of translation, rotation and scaling operations. However, our experimental

results (shown in later section) suggest that the metric is not invariant to global rotation.

d) The DMPD metric as described in Section 5.3.2 is a combination of three perceptual distance

measures, the SWSPD, the SPPD and the APD weighted by constants w1, w2 and w3 re-

spectively. It also depends on a number of constant terms whose values are selected empirically

based on experimental results to get better overall correlation with the subjective scores. The

computation time of the DMPD metric is higher compared to the STED metric.

Proposed AISTED PVD metric

In the proposed PVD metric, we have tried to incorporate the required properties of a PVD metric

as follows.
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(i) The proposed PVD metric has been designed to show invariance to the effect of the frame-

based affine transformation operations namely, translation, scaling and rotation, applied either

on the original or the reconstructed animation. A method is devised to find the frame-wise

affine transformation parameters for the rotation, scaling and translation operations between

the set of vertices in the original and the reconstructed animations. An inverse homogeneous

transformation matrix is formed for each frame using the combination of obtained parameters.

The set of vertices in each frame of the reconstructed animation is multiplied by the frame-wise

transformation matrix to get the affine invariant set of vertices.

(ii) The proposed PVD metric uses the relative changes in spatial as well as temporal edge lengths

between the original and the reconstructed animations to measure the distortions in a perceptual

manner. The spatial error part is computed using the average of normalized unique spatial

edge length errors computed at each frame of the sequences. A unique spatial edge is defined

as the edge connecting two vertices (irrespective of the order of the vertices) and shared by

two triangular faces. The proposed unique edge based computation of spatial error is faster

compared to the spatial error computation step followed in the STED metric. The temporal

part is computed as average of normalized virtual temporal edge length errors computed at each

frame.

(a) Determining affine invariance parameters

The parameters of the similarity transformation between the two sets of vertices in the 3D space

can be found by applying a least squares method as proposed in [100] for the applications in the field

of computer vision.

Let Gf =

{
pfvi : pfvi =

(
vfix , v

f
iy
, vfiz

)T
∈ R3, i = 1, . . . , Nv, f = 1, . . . , Nf

}
be the set of Nv

vertices in the f -th frame of the original mesh sequenceMd and G̃f =

{
p̃fvi : p̃fvi =

(
ṽfi x, ṽ

f
i y, ṽ

f
i z

)T}
be the corresponding set of vertices in the f -th frame of the reconstructed mesh sequence M̃d. Let

us consider that the set of vertices in G̃f are obtained after applying a combination of similarity

transformations of rotation, uniform scaling and translation on the set of vertices in Gf .

If s is the uniform scaling parameter for the x, y and z co-ordinates, R is the 3D transformation

matrix for the rotation operations about X, Y and Z axes and t = [tx ty tz]
T is the translation vector
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containing the translation parameters tx, ty and tz with respect to x, y and z coordinates respectively,

then a vertex p̃fvi in G̃f can be expressed using the similarity transformation parameters R, t and s

as 
ṽfxi

ṽfyi

ṽfzi

 = sR


vfxi

vfyi

vfzi

+


tx

ty

tz

 (5.39)

Therefore,

p̃fvi = sRpfvi + t (5.40)

In the homogeneous coordinate system, the similarity transformation operations for a combination of

rotation, scaling and translation operations on a point in the 3D space can be represented by a 4× 4

transformation matrix T as

T =



m11 m12 m13 tx

m21 m22 m23 ty

m31 m32 m33 tz

0 0 0 1


=

 [sR]3×3 [t]3×1

0 0 0 1


4×4

(5.41)

To apply the 3D similarity transformations in homogeneous coordinates, a vertex pfvi =
(
vfix , v

f
iy
, vfiz

)T
in 3D space is represented by a 4D vector as pfvi (h) =

[
vfix v

f
iy
vfiz 1

]T
. The mean square error ξ2f (R, t, s)

between the two sets of vertices in Gf and G̃f in terms of the similarity transformation parameters

R, t and s is given by

ξ2f (R, t, s) =
1

Nv

Nv∑
i=1

∥∥∥p̃fvi − (sRpfvi + t)
∥∥∥2 =

1

Nv

Nv∑
i=1

∥∥∥p̃fvi(h) −Tpfvi(h)

∥∥∥2 (5.42)

The transformation parameters R, t and s can be obtained by solving the minimization problem

(R̂, t̂, ŝ) = argmin
R,t,s

[
1

Nv

Nv∑
i=1

∥∥∥p̃fvi − (sRpfvi + t)
∥∥∥2] (5.43)

The solution to the above problem is given by the singular value decomposition (SVD) of the covariance

matrix Covf between the vertex coordinates vectors in the original and the reconstructed frames [100].

The mean and the variance of the vertices of the frame f from the original and reconstructed mesh

147TH-2126-06610214



5. An Improved Distortion Metric for 3D Animation Geometry

sequence are given by

µf =
1

Nv

Nv∑
i=1

pfvi , (5.44)

µ̃f =
1

Nv

Nv∑
i=1

p̃fvi , (5.45)

σ2f =
1

Nv

Nv∑
i=1

(pfvi − µf )
2
, (5.46)

σ̃2f =
1

Nv

Nv∑
i=1

(p̃fvi − µ̃f )
2

(5.47)

The covariance matrix Covf between the vertex coordinate vectors of the frame f ofMd and M̃d

is given by

Covf =
1

Nv

Nv∑
i=1

(p̃fvi − µ̃f )(pfvi − µf )T (5.48)

The SVD of Covf is given by

Covf = UfΣfWf
T , UfUf

T = WfWf
T = I, Σf = diag (λi), λ1 ≥ λ2 ≥ λ3 ≥ 0 (5.49)

where Σf is the diagonal matrix of the eigen values λ1, λ2, λ3 of the covariance matrix Covf . Define

S =

 I if det (Uf ) det (Wf ) = 1

diag(1,1,-1) if det (Uf ) det (Wf ) = −1,
(5.50)

Then, the optimum similarity transformation parameters are given by

ŝ =
1

σ2f
tr(ΣfS) (5.51)

R̂ = UfSWf
T (5.52)

t̂ = µ̃f − sRµf (5.53)

Next the inverse homogeneous transformation matrix Tr ∈ R4×4 is formed using the parameters s, R

and t. The set G̃f of reconstructed vertices of frame f is multiplied by Tr to get the set G̃f
s of affine

transformation invariant vertices of the same frame.Thus

G̃f
s(h) = TrG̃

f
(h) (5.54)
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where G̃f
(h) ∈ R4×Nv is a matrix storing the reconstructed vertices of the frame f in the homogeneous

coordinates and G̃f
s(h) ∈ R4×Nv is a matrix storing the affine transformation invariant reconstructed

vertices of frame f in the homogeneous coordinates. The PVD metric is now computed from these

reconstructed frames.

(b) Computing spatial edge errors

Suppose, the affine transformation invariant vertices in frame f of M̃d are represented by the

set G̃f
s =

{
p̃fvi (s) : p̃fvi (s) =

(
ṽfi x(s), ṽ

f
i y(s)

, ṽfi z(s)

)T}
. Let Es represent the set of unique edges es(k)

containing the each pair of distinct vertices i, j derived from the connectivity data Cd and given by

Es = {es(k) : es(k) = {l,m}} , k = 1, . . . , Ne, l,m ∈ {1, . . . , Nv} (5.55)

where Ne = |Es| is the total number of unique edges es(k) obtained using the connectivity information

and l and m are the indices of the interconnected vertices to form the k-th edge es(k). The set Es

representing the unique edges is constant for all the frames of an isomorphic 3D animation.

Next, the lengths of unique spatial edges in the original and the reconstructed frame f , el(es(k), f)

and ẽl(es(k), f) respectively, are computed as

el(es(k), f) =
∥∥∥pfvl − pfvm

∥∥∥
ẽl(es(k), f) =

∥∥∥p̃fvl(s) − p̃fvm(s)

∥∥∥ (5.56)

The normalized spatial edge length errors between the edge lengths in the original and recon-

structed frame is now calculated as

seerr(f) =

∥∥∥el(es(k), f)− ẽl(es(k), f)
∥∥∥
f

‖el(es(k), f)‖f
, k = 1, · · · , Ne (5.57)

The mean of spatial edge errors, MEEs across all the frames is computed as

MEEs =
1

Nf

Nf∑
f=1

seerr(f) (5.58)

(c) Computing temporal edge errors

A temporal edge is defined as the virtual line segment formed by connecting the positions of a

vertex in two consecutive frames. There will be total Nv temporal edges between two consecutive
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frames formed by the Nv vertices per frame. The temporal edge lengths el(et(i), f) and ẽl(et(i), f) for

the vertex vfi in f -th frame of the original and the reconstructed animations are calculated as

el(et(i), f) =
∥∥∥pfvi − pf−1vi

∥∥∥
ẽl(et(i), f) =

∥∥∥p̃fvi(s) − p̃f−1vi(s)

∥∥∥ i = 1, · · · , Nv, f = 2, · · · , Nf

(5.59)

The normalized errors between the temporal edge lengths in the original and reconstructed frame is

calculated as

teerr(f) =

∥∥∥el(et(i), f)− ẽl(et(i), f)
∥∥∥
f∥∥∥el(et(i), f) + ẽl(et(i), f)
∥∥∥
f

, i = 1, · · · , Nv (5.60)

The mean of temporal edge errors, MEEt across all but the first frames is computed as

MEEt =
1

Nf − 1

Nf∑
f=2

teerr(f) (5.61)

(d) Computing AISTED metric

The proposed affine invariant spatio-temporal edge difference (AISTED) metric is finally computed

as the combination of the MEEs and MEEt is given by

AISTED =

√
wMEEs

2 + (1− w)MEEt
2 (5.62)

where w is the weighting parameter. Noting that the spatial error MEEs depends on the number of

edges Ne and the temporal error MEEt depends on the number of vertices Nv, a reasonable choice of

the weighting factor is

w =
Ne

Ne +Nv
(5.63)

5.5 Experimental results

In this section, we present the details of the two set experiments that are performed to demonstrate

the performance of the proposed AISTED metric. In the first experiment, the performance of the

AISTED metric is measured to show its invariance to any combination of affine transformation oper-

ations in terms of translation, rotation and global scaling. In the second experiment, the correlation

performances of the proposed metric is evaluated on two publicly available 3D animation databases.

The correlation performance is compared to a few existing DMs used for quality assessment of 3D
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animations. The details about the two 3D subjective databases and the results of the experiments are

presented below.

5.5.1 3D animation databases

The two 3D animation databases used for finding the correlation performance with subjective

assessment scores are: (i) the UWB 3D animation database [101] and (ii) the GIPSA-LAB 3D ani-

mation database [102]. The above two databases include different kinds of distorted 3D animations.

The subjective assessment scores given by the human observers for each animation in the two datasets

are also available. These subjective scores serve as the ground-truth for benchmarking and comparing

the performance of any objective model-based PVD metric. The details about the two 3D animation

databases are discussed below.

(i) UWB database

The UWB database contains 4 reference 3D animations namely, “Chicken” (3030 vertices, 400

frames), “Dance” (7061 vertices, 201 frames), “Falling cloth” (9987 vertices, 200 frames) and

“Mocap Dance” (14409 vertices, 263 frames) and 36 distorted animations prepared from 9 dis-

torted versions of each of the four reference animations. The 9 distortions are applied from a

set of 13 distortions having 6 random noise distortions (listed at 1 to 6), 3 smooth spatial and

temporal distortions (listed at 7 to 9) and 4 real-world distortions (listed at 10 to 13). They are

listed below.

List of distortions used in UWB database

1. Adding different noise values from Gaussian distribution to each vertex coordinate in each

frame.

2. Adding the same noise value from a Gaussian distribution for a given vertex coordinate

over all the frames.

3. Adding the same noise value from a Gaussian distribution to all the vertices in a frame.

4. Adding different noise values from a Gaussian distribution to each vertex coordinate in each

frame. The noise deviation selected for each vertex is according to the length of the edges

incident with the given vertex.
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5. Adding different noise values from a Gaussian distribution to each vertex coordinate in

each frame. The noise deviation selected for each vertex is according to the speed of the

movement of the given vertex.

6. Adding different noise values from the uniform distribution to each vertex coordinate in

each frame.

7. Adding a value Ad sin(vfixω) which signifies a smooth distortion of amplitude Ad and fre-

quency ω to each coordinate of each vertex.

8. Adding a value Ad sin(fω) which signifies a smooth temporal shifting of the whole mesh to

each coordinate of each vertex.

9. Adding a value Ad sin(vfixω) to each coordinate of each vertex, i.e., a sinusoidal distortion

of amplitude Ad and frequency ω. The amplitude Ad has been selected for each vertex

according to the speed of the movement of the given vertex.

10. Subjecting each mesh to the connectivity driven dynamic mesh compression (CODDYAC)

algorithm [34] with a coarse quantization scheme.

11. Subjecting each mesh to the Coddyac compression scheme using a small number of basis

trajectories.

12. Subjecting each mesh to the Dynapack [35] compression scheme.

13. Subjecting each mesh to the compression scheme by Alexa and Müller [7].

Table 5.1 lists the details of distortion types applied to each of the reference 3D animations in

the UWB database.

Table 5.1: List of distorted animations in UWB 3D animation database

Dataset Name
Name of 3D animations with the applied distortion number

Chicken Dance Falling cloth Mocap Dance
A 11 2 2 10
B 1 3 10 12
C 11 1 3 13
D 2 10 9 6
E 11 2 1 13
F 5 11 10 12
G 1 11 5 13
H 8 4 9 6
I 7 4 8 11
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The subjective assessment of the 36 distorted animations were carried out by human observers

giving the visual quality scores with reference to the original mesh sequence. The scores were

collected in the scale of 0 to 10 where 0 mark is for the best quality and 10 mark is for the worst

quality with reference to the original animation.

(ii) GIPSA-LAB database

GIPSA-LAB animation database contains 10 reference and 276 distorted 3D animations. The

distorted animations are prepared by applying 10 types of distortions on the set of 10 reference

animations with the properties as listed in Table 5.2.

Table 5.2: Attributes of 3D animations used in GIPSA-LAB database

Animation Name Vertices Frames

armadillo 40002 75

balls 73960 41

chicken 3030 322

chinchilla 4307 84

clothBall 46598 69

dinosaur 20218 152

dress 41057 82

elephant 42321 49

horse 8431 48

human 18890 162

For each distortion type, 3 levels corresponding to low, medium and high distortion intensities

were generated and applied to each of the reference 3D animation. Table 5.3 lists the details of

distortion types applied to each of the reference 3D animations in the GIPSA-LAB database.

Table 5.3: List of distorted animations in GIPSA-LAB database

Dataset Name
Number of distortions types applied per Animation Sequence

Armadillo Balls Chicken Chinchilla Cloth-ball Dinosaur Dress Elephant Horse Human

Coddyac 3 3 3 3 3 3 3 3 3 3
FAMC-DCT 3 3 3 3 3 3 3 3 3 3

FAMC-Lifting 3 3 3 3 3 3 3 3 3 3
Uniform 3 3 3 3 3 3 3 3 3 3
Gaussian 3 3 3 3 3 3 3 3 3 3

SM1 6 0 6 0 0 6 0 0 0 6
TM1 0 6 6 0 0 6 0 0 6 0
SM2 6 0 6 0 0 6 0 0 0 6
TM2 0 6 0 0 6 0 0 6 6 0

Network 3 3 3 3 3 3 3 3 3 3
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The applied distortions are classified into two broad categories: a) simulated distortions and

b) real-world distortions. The simulated distortions include global distortions and descriptor-

weighted distortions. The global distortion signifies the addition of random noise values from

either the uniform or the Gaussian distribution to the vertex coordinates in each frame. The

descriptor-weighted distortion corresponds to the addition of noise to each vertex coordinate,

which is proportional or inversely proportional to the local surface roughness or to the vertex

speed. The descriptor-weighted distortions are used to simulate and study the behaviour of the

visual spatial masking (SM) and the visual temporal masking (TM) effects. Two different kinds

of noises were applied:

(a) Adding the same noise value from a uniform distribution to a given vertex coordinate over

all the frames weighted by a coefficient which is proportional or inversely proportional to

the local surface roughness or to the vertex speed (rows SM1 and TM1 in Table 5.3).

(b) Adding the same noise value from a uniform distribution to all the vertices in a frame

weighted by a coefficient which is proportional or inversely proportional to the local surface

roughness or to the vertex speed (rows SM2 and TM2 in Table 5.3).

The real-world distortions were used by applying the lossy compression algorithms for dynamic

3D meshes, namely the MPEG4-FAMC algorithm [2] and CODDYAC algorithm [34]. The sub-

jective assessment of the 276 distorted animations was conducted, where the human observers

gave their opinion scores about the perceived quality of the distorted and the reference 3D an-

imations. Two categories of experiments are devised to collect the human opinion scores: i)

with-user interaction (WI) and ii) without-user interaction (WOI). For the WI experiment, 25

human observers could freely zoom, rotate or translate the animations to give their opinion

scores. For the WOI experiment, 16 human observers gave their opinion scores by simply ob-

serving the animations from a fixed point like video tracks. The subjective scores for both of the

WI and WOI experiments were collected in the single stimulus (SS) way by displaying a single

3D mesh sequence to the human observer instead of the double stimulus (DS) way where both

reference and distorted 3D animations are displayed together. Accordingly, subjective scores for

the reference animations were also collected along with the distorted animations. The subjective
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scores were collected in the scale of 0 to 10 where 0 mark is for the worst quality and 10 mark

is for the best quality, reflected from the perceived quality of the displayed 3D animations. The

differential scores for both the WI and WOI experiments were computed by subtracting the raw

score of each distorted animation from the raw score of the corresponding reference animation in

the same session. Finally, the DMOS value for each of the distorted animation is computed by

taking the average of the differential scores from the human observers. The detailed explanation

about the subjective experiment environmental setup and the analysis of all the distortions used

in the GIPSA-LAB database can be found in [71].

5.5.2 Performance analysis using affine transformations

In this experiment, the performance of the proposed AISTED metric is tested by applying affine

transformations across the frames of a 3D animation. We have also tested the performances of existing

three DMs namely, the KGerr, the STED and the DMPD. All the four distortion metrics use a

reference 3D animation for their calculations. The affine transformations in terms of translation,

rotation and global scaling are applied to all the set of vertices per frame. The transformations can be

applied individually as well as in combinations on an animation. The distortions between the original

and the affine transformed animations are evaluated by the above four DMs. The results obtained by

applying each affine transformation operation individually are presented below.

(i) Applying global translation

In this case, the affine transformation in terms of global translation factors of tx, ty and tz in

the x, y and z co-ordinates respectively is applied to each vertex across all the frames of an

animation sequence. Table 5.4 shows the values of DMs obtained for different sets of translation

parameters for the “Chicken” and “Cow” sequence.

Table 5.4: Performance of DMs for translation operation

Sequence Transformation Parameter KGerr STED DMPD AISTED

Cow Translation tx=1, ty=2, tz=3 3.91E+03 5.42E-14 1.27E-11 2.09E-13

Cow Translation tx=10, ty=10, tz=30 3.91E+04 4.52E-13 9.73E-11 2.20E-12

Chicken Translation tx=10, ty=20, tz=30 644.5108 6.21E-14 8.47E-09 1.25E-11

It is observed that the STED, the DMPD and the AISTED metrics obtained give negligible

errors for each translation operation for both the “Cow” and the “Chicken” animations. It
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indicates that the STED, DMPD and AISTED metrics are invariant to global translation

operation. The KGerr values of 3.91 × 103, 3.91 × 104 and 644.5108 obtained for the three

translation operations signify that KGerr is not invariant to translation operation.

(ii) Applying global rotation

In this case, the affine transformation in terms of global rotation angles of rx, ry and rz degrees

about the x, y and z axes respectively is applied to the set of vertices across all the frames of an

animation. It is to be noted that the global rotation operation only affects the viewing angle of

the original animation. It does not cause any structural deformation and also does not introduce

any visual perceptual distortion on the surface of the mesh. The viewing angle of a 3D animation

in 3D space is not always fixed and an observer has the flexibility to view the animation from

any angle as per requirement. So, a change of the viewing angle of a 3D animation by any

rotation operation should not be accounted as a perceivable distortion by a PVD metric. Table

5.5 shows the values of DMs obtained for different sets of rotation parameter for the “Chicken”

and “Cow” animations.

Table 5.5: Performance of DMs for rotation operation

Sequence Transformation Parameter KGerr STED DMPD AISTED

Chicken Rotation rx=1◦, ry=1◦, rz=1◦ 12.3188 1.11E-05 0.0055 9.44E-11

Chicken Rotation rx=10◦, ry=10◦, rz=10◦ 118.3982 1.14E-05 0.1045 3.38E-11

Chicken Rotation rx=100◦, ry=100◦, rz=100◦ 578.4987 1.13E-05 0.2521 6.96E-11

Cow Rotation rx=100◦, ry=100◦, rz=100◦ 233.681 1.48E-04 0.0983 1.24E-14

It is observed that, for both the animations, the STED and AISTED metrics show negligible

errors for each set of rotational angle parameters. It indicates that both the STED andAISTED

metrics are invariant to the global rotation operation. However, it is found that the KGerr

and DMPD metrics are affected by the rotation operation. For the “Chicken” animation,

the values of KGerr and DMPD metrics are found to be increased from 12.3188 to 578.4987

and from 0.0055 to 0.2521 respectively as the rotation angle parameters are varied from 1◦ to

100◦. Similar results are obtained for the “Cow” animation. This indicates that the KGerr and

DMPD metrics are not invariant to the rotation operation.

(iii) Applying global scaling
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In this case, we have applied the affine transformation in terms of global scaling operation to the

x, y and z coordinates of each vertex across all the frames of the animation sequence. It has been

observed that global scaling operation does not introduce any noticeable perceptual distortion

on the surface of the mesh. It only affects the overall size of 3D objects in the animation.

The scaling operation also does not affect user’s viewing experience, since the original and the

scaled version of the animations are always viewed independently. The change of size should

not be accounted as a perceivable distortion by a PVD metric. Table 5.6 shows the values of

the four DMs obtained for different values of scaling factor (s) for the “Chicken” and the “Cow”

animations.

Table 5.6: Performance of DMs for scaling operation

Sequence Transformation Parameter KGerr STED DMPD AISTED

Cow Scaling s = 10 1.24E+03 8.00E-04 1.66E-12 1.19E-14

Cow Scaling s = 200 2.73E+04 0.0177 9.82E-13 1.20E-14

Cow Scaling s = 1000 1.37E+05 0.0887 8.84E-13 1.13E-14

Chicken Scaling s = 1000 6.06E+05 0.0854 8.38E-09 6.44E-11

It is observed that, for the “Cow” animation, the values of the KGerr and the STED metrics are

found to be increased from 1.24× 103 to 1.37× 105 and from 8.00× 10−4 to 0.0887 respectively

as the scaling parameter is varied from s = 10 to s = 1000. Similar results are obtained for the

“Chicken” animation with KGerr value of 6.06 × 105 and STED value of 0.0854 for s = 1000.

It indicates that both the KGerr and the STED metrics do not show invariance to the scaling

operation. However, the DMPD and AISTED metrics give negligible error values for both the

animations for all the scaling parameters. It indicates that the DMPD and AISTED metrics

are invariant to the global scaling operation.

5.5.3 Correlation performance of the proposed metric

In this experiment, the correlation performance of the proposed AISTED metric is evaluated

on the UWB and the GIPSA-LAB 3D animation databases. The correlation performances of the

AISTED metric are compared with those of the KGerr, STED and the DMPD metrics. The

performance results in terms of SROCC(%) and PLCC(%) on the two the databases are presented

below.
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A) Correlation results on the UWB database

Table 5.7 lists the 36 distorted 3D animations from the UWB database along with the corre-

sponding MOS values.

Table 5.7: The MOS and the DM values for each distorted animation in the UWB database

Name of distorted animation MOS
Metric name

KGerr STED DMPD AISTED

chicken A 7.77 0.3504 0.3601 0.4171 0.1282

chicken B 9.84 0.2987 0.4573 0.4817 0.1874

chicken C 1.63 0.2972 0.0353 0.2406 0.0428

chicken D 7.7 0.2965 0.4546 0.4134 0.1310

chicken E 2.16 0.4718 0.0486 0.2678 0.0642

chicken F 6.3 0.2874 0.2915 0.4318 0.0977

chicken G 6.64 0.1493 0.2252 0.4133 0.1080

chicken H 0.95 0.6325 0.0000 0.1051 0.0000

chicken I 1.79 0.2938 0.0637 0.2700 0.0653

falling cloth A 9.24 0.4394 0.0590 0.4786 0.0512

falling cloth B 7.86 0.3338 0.0312 0.4417 0.0239

falling cloth C 2.22 0.2782 0.0000 0.1474 0.0000

falling cloth D 1.32 0.2932 0.0048 0.0982 0.0080

falling cloth E 2.73 2.6157 0.0249 0.2264 0.0493

falling cloth F 8.78 0.2701 0.0453 0.4823 0.0815

falling cloth G 6 0.2773 0.0346 0.4522 0.0321

falling cloth H 2.46 0.8446 0.0121 0.1881 0.0256

falling cloth I 2.32 0.2859 0.0000 0.1326 0.0000

dance A 8.93 0.5481 0.1704 0.4657 0.0911

dance B 1.95 7.4316 0.0001 0.3195 0.0000

dance C 3.58 0.2564 0.0805 0.4053 0.0427

dance D 6.74 0.5492 0.1693 0.4728 0.0918

dance E 9.56 0.6990 0.1786 0.4794 0.1008

dance F 1.88 0.5636 0.0150 0.1718 0.0203

dance G 2.02 3.1070 0.0471 0.2424 0.0710

dance H 7.95 0.5203 0.1103 0.4354 0.0854

dance I 6.35 0.3217 0.0684 0.3931 0.0534

MocapDance A 9.64 1.7852 0.4139 0.4547 0.1004

MocapDance B 5.36 0.8926 0.1781 0.4050 0.0495

MocapDance C 3.42 7.6388 0.0303 0.2202 0.0436

MocapDance D 8.6 1.7852 0.4139 0.4547 0.1004

MocapDance E 2.32 3.8149 0.0203 0.1827 0.0269

MocapDance F 8.82 1.7855 0.3495 0.4743 0.1028

MocapDance G 1.74 1.8749 0.0120 0.1521 0.0157

MocapDance H 5.62 0.8928 0.2007 0.3997 0.0491

MocapDance I 1.1 2.0380 0.0246 0.2618 0.0243
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The values of KGerr, STED, DMPD and AISTED metrics obtained for each distorted 3D

animation are also shown. The animation sequence-wise SROCC(%) and the PLCC(%) values

between the DMs and the corresponding MOS values are given in Table 5.8.

Table 5.8: Animation sequence wise SROCCs(%) and PLCCs(%) between the DMs and the subjective MOS
values for the UWB database

Metric Name
“Chicken” “Falling Cloth” “Dance” “MocupDance” Overall Database

SROCC PLCC SROCC PLCC SROCC PLCC SROCC PLCC SROCC PLCC

KGerr -18.33 -53.05 0.00 -27.03 -28.33 -53.94 -55.23 -32.83 -13.10 -27.19

STED 95.00 97.01 91.67 91.79 95.00 89.75 92.05 97.79 74.06 71.24

DMPD 88.33 93.34 95.00 96.56 91.67 86.32 85.36 91.24 88.61 90.32

AISTED 96.67 94.96 81.67 70.14 88.33 82.08 93.72 97.30 73.32 74.84

We observe that AISTED metric gives the highest SROCC(%) value for the “Chicken” and

the “Mocap Dance” animation whereas the STED and the DMPD metrics give the highest

SROCC(%) values for the “Falling cloth” and the “Dance” animation respectively. The STED

metric has shown the highest PLCC(%) values for the “Chicken”, “Dance” and the “Mocap

Dance” animations whereas the DMPD metric has shown the highest PLCC(%) value for the

“Falling cloth” animation. For the overall database, the DMPD metric has shown the highest

SROCC(%) and the PLCC(%) values. However, for the AISTED metric, the overall PLCC(%)

is better than the STED metric and the overall SROCC(%) value is nearly equal to that of the

STED metric.

Figure 5.2 illustrates the scatter plots of the four DMs versus the subjective MOS values of

the UWB database. The red line in each plot is the fitted curve between the objective metric

and the MOS values using the logistic psychometric function (Equation (5.13)) which maps the

objective DMs to the MOS values. The plots in Figure 5.2(a) and 5.2(b) show a weak coherence

between the KGerr and the STED metrics with the MOS values. However, the plots of the

AISTED and DMPD metrics show better coherence compared to that of the STED metric.

The animation sequence-wise PLCCs(%) after logistic psychometric fitting of the objective DMs

and the MOS values are listed in Table 5.9. The logistic psychometric fitting has improved the

PLCCs(%) of the AISTED metric for the “Dance” and “Mocap Dance” animations compared

to the other DMs and has also improved the overall PLCC(%) of the AISTED metric compared
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to the STED metric.
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Figure 5.2: Scatter plots of the objective metrics versus the subjective MOS scores from UWB Dataset: (a)
KGerr, (b) STED, (c) DMPD and (d) AISTED metrics. The red line in each plot is the fitted curve using
the logistic psychometric function.

Table 5.9: Animation sequence-wise PLCCs(%) after the logistic psychometric fitting of the DMs for the UWB
Database

Metric Name “Chicken” “Cloth” “Dance” “MocupDance” Overall Database

KGerr 52.69 0.00 0.00 0.00 9.23

STED 88.14 99.92 95.56 88.80 84.45

DMPD 96.35 98.81 97.52 98.37 97.49

AISTED 96.90 99.68 99.89 99.99 98.23
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B) Correlation results on the GIPSA-LAB database

The GIPSA-LAB animation database contains subjective scores in terms of the DMOS values

for WI and WOI sessions as discussed earlier. The DMOS values for the WI session is suitable

for finding the correlation between the objective DMs and subjective scores, since the WI session

helps a human observer to judge a 3D animation in a better way using the interaction facilities

like zoom, rotate or translate. However, in some of the subjective assessment tests like the

UWB subjective database, 3D animations are displayed from a fixed viewpoint with the best

frontal view of the 3D objects for the judgement by the human observers without any interaction

facility. So, we have considered the DMOS values for both the WI and the WOI sessions for

computing the SROCC(%) and PLCC(%) values of the proposed AISTED metric using the

GIPSA-LAB Database. In our experiment, we have considered the KGerr, STED, DMPD and

the AISTED metrics to compute the distortion-wise SROCCs(%) and PLCCs(%) between the

objective DMs and the DMOS values for the WI and the WOI sessions. The distortion-wise

SROCCs(%) of the objective DMs computed with the DMOS values in the WOI and the WI

sessions are listed in Table 5.10(a) and 5.10(b) respectively.

Table 5.10: Distortion-wise SROCCs(%) between the DMs and the subjective DMOS values for GIPSA-LAB
database

(a) For the without-interaction(WOI) DMOS values

Metric
Category of Distorted Sequence

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 57.08 56.50 63.91 18.87 54.28 -35.15 41.30 39.94 52.03 86.16 23.00

STED 50.21 71.90 61.04 53.57 51.85 -23.02 64.44 50.07 54.93 74.85 56.65

DMPD 83.57 67.25 76.52 63.30 85.30 59.00 89.30 81.80 80.73 90.69 77.92

AISTED 84.03 89.15 80.82 83.65 85.25 53.82 83.98 82.13 75.25 81.64 80.02

(b) For the with-interaction(WI) DMOS values

Metric
Name of Distorted Sequences

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 47.35 45.87 50.98 34.37 42.14 -4.48 32.19 32.94 64.40 84.67 16.07

STED 45.34 67.43 58.54 68.57 67.10 12.53 45.90 47.61 62.22 85.98 57.64

DMPD 86.59 67.36 76.70 54.08 91.50 90.04 81.41 79.75 88.54 95.72 78.80

AISTED 78.85 88.75 83.38 73.44 87.85 42.54 70.69 58.18 79.76 82.89 75.10

From the results, it is observed that the proposed AISTED metric gives the best SROCC(%)

values of 84.03, 89.15, 80.82, 83.65 and 82.13 in the WOI session for the 3D animations having
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distortions introduced from “Coddyac”, “FAMC-Lifting”, “FAMC-DCT”, “TM1” and “Gaus-

sian” operations respectively. The DMPD metric gives the best SROCC(%) values of 85.30,

59.00, 89.30, 80.73 and 90.69 for the 3D animations with distortions introduced from the “SM1”,

“TM2”, “Uniform”, “Network and “SM2” operations respectively. The AISTED metric gives

the best overall SROCC(%) value of 80.02 for all the distortions in WOI session. For the DMOS

values obtained in the WI session, it is observed that the proposed AISTED metric gives the

SROCC(%) values of 88.75, 83.38 and 73.44 for the 3D animations having distortions intro-

duced from “FAMC-lifting”,“FAMC-DCT” and ”TM1” operations respectively. The DMPD

metric gives the SROCC(%) values of 86.59, 91.50, 90.04, 81.14, 79.75, 88.54 and 95.72 for the

3D animations with distortions introduced from the “Coddyac”, “SM1”, “TM2”, “Uniform”,

“Gaussion”, “Network and “SM2” operations respectively. The DMPD metric gives the overall

SROCC(%) of 78.80 for all the distortions in WI session. However, the overall SROCC(%) of

75.10 obtained for the AISTED metric is better than the overall SROCC(%) values of 57.64

and 16.07 for the STED and the KGerr metrics respectively.

Similarly, the distortion-wise PLCC(%) values are computed for the WOI and WI sessions and

listed in Table 5.11(a) and 5.11(b) respectively.

Table 5.11: Distortion-wise PLCCs(%) between the DMs and the subjective DMOS values for GIPSA-LAB
database

(a) For the without-interaction(WOI) DMOS values

Metric
Category of Distorted Sequence

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 36.94 51.34 55.55 13.63 52.61 -25.88 35.80 29.03 32.62 43.49 2.69

STED 47.32 69.16 59.05 49.28 54.25 -25.51 65.46 53.07 54.75 51.43 55.30

DMPD 77.63 65.24 74.03 68.74 88.31 60.14 78.60 75.85 78.65 87.62 72.02

AISTED 78.55 85.45 80.95 83.32 90.85 43.54 85.01 84.16 72.18 81.66 77.69

(b) For the with-interaction(WI) DMOS values

Metric
Category of Distorted Sequences

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 31.26 43.60 46.78 36.86 40.15 8.67 22.92 24.76 52.22 39.49 4.74

STED 45.83 64.42 54.69 57.97 61.33 5.20 47.67 44.10 53.40 67.29 55.84

DMPD 87.14 66.65 75.13 53.74 94.04 89.13 66.70 67.06 86.83 92.14 73.95

AISTED 74.73 85.31 82.65 77.56 85.80 35.59 71.88 63.18 79.22 76.65 73.11

162TH-2126-06610214



5.5 Experimental results

In this case, the AISTED metric gives the best overall PLCC(%) value of 77.69 for all the

distortion in the WOI session. For WI session, the overall PLCC(%) values obtained for DMPD

and AISTED are ≈ 73.

Table 5.12(a) and 5.12(b) show the distortion-wise PLCCs(%) after logistic psychometric fitting of

the DMs and the subjective DMOS values from the WOI and WI sessions respectively. The logistic

fitting has improved the overall PLCC(%) of the AISTED metric for both the WOI and WI sessions

with values of 97.64 and 97.18 respectively.

Table 5.12: Distortion-wise PLCCs(%) after logistic psychometric fitting of the DMs with the subjective
DMOS values of GIPSA-LAB database

(a) For the WOI DMOS values

Metric
Category of Distorted Sequence

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 36.54 52.88 46.73 38.97 88.00 0.00 38.80 47.54 62.24 -9.74 23.09

STED 99.93 96.06 98.04 75.50 93.85 -98.97 98.69 98.69 98.38 78.71 97.55

DMPD 89.49 95.42 91.73 96.70 99.48 99.13 92.94 95.12 99.66 97.39 96.79

AISTED 94.31 94.55 99.37 92.99 99.50 42.00 98.97 98.97 93.77 96.57 97.64

(b) For the WI DMOS values

Metric
Category of Distorted Sequence

Coddyac FAMC Lifting FAMC DCT TM1 SM1 TM2 Uniform Gaussian Network SM2 Overall

KGerr 36.62 43.19 40.10 47.22 89.63 0.00 37.84 43.62 61.47 38.43 21.36

STED 99.72 96.63 93.97 86.96 92.38 99.98 99.02 92.66 90.12 81.62 96.92

DMPD 96.14 94.47 92.79 95.95 99.48 98.86 89.42 87.97 99.21 96.25 96.26

AISTED 92.01 96.24 99.01 95.05 98.62 38.16 92.74 88.50 97.06 98.23 97.18

Figures 5.3 and 5.4 show the scatter plots of the four objective DMs versus the subjective DMOS

values from the WOI and WI sessions respectively. The red line in each plot is the fitted curve between

the DM and the DMOS values using the logistic psychometric function. The plots in Figures 5.3(a) and

5.4(a) show the weak coherence between the KGerr metric and the DMOS values for both the WOI

and WI sessions. Similar performance is observed for the STED metric. The logistic psychometric

performance is found to be better for the DMPP and AISTED metrics for both the WOI and WI

sessions. They are shown in Figures 5.3(c), 5.4(c) and 5.3(d), 5.3(d) respectively. The scatter plots

show that the proposed AISTED metric gives better correlation compared to the KGerr and STED

metrics. It gives similar performance as the DMPD metric. However, the AISTED metric involves
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less computation as evident from the mathematical expressions. It may be good alternative as a

distortion metric.
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Figure 5.3: Scatter plots of the objective DMs (a) KGerr, (b) STED, (c) DMPD and (d) AISTED versus
the subjective DMOS scores for the WOI session. The red line in each plot is the fitted curve using the logistic
psychometric function.
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Figure 5.4: Scatter plots of the objective DMs (a) KGerr, (b) STED, (c) DMPD and (d) AISTED versus
the subjective DMOS scores for the WI session. The red line in each plot is the fitted curve using the logistic
psychometric function.

5.6 Conclusion

This Chapter presented a new perceptual visual distortion (PVD) metric, namely the AISTED

metric, for the quality assessment of 3D animations. The proposed AISTED metric uses the relative

changes in the spatial as well as the temporal edge lengths between the original and the reconstructed

animations to measure the distortions in a perceptual manner. The AISTED metric is designed to
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show invariance to any combinations of frame-based affine transformation operations namely, trans-

lation, scaling and rotation, applied either on the original or the reconstructed animation. It uses a

least-squares method in the 3D homogeneous coordinate system to find the frame-wise affine transfor-

mation parameters for the rotation, scaling and translation operations between the set of vertices in

the original and the reconstructed animations. An inverse homogeneous transformation matrix, Tr, is

formed for each frame using the combination of obtained parameters. The set of vertices in each frame

of the reconstructed animation is multiplied by the frame-wise transformation matrix to get the affine

invariant set of vertices. After that, the normalized spatial and temporal edge length errors between

the original and reconstructed frame are computed. The frame-wise spatial and temporal edge errors

are averaged over all the frames to get the mean spatial edge error, MEEs, and mean temporal edge

error, MEEt, respectively. The final AISTED metric is computed as weighted combination of MEEs

and MEEt. The correlation performances of the proposed AISTED metric are evaluated with the

subjective scores available on two public 3D animation databases: (i) UWB 3D animation database

and (ii) GIPSA-LAB 3D animation database. The performances are compared with the existing three

DMs namely, the KGerr, the STED and the DMPD. For the UWB 3D animation database, the

SROCC(%) of AISTED metric for “Chicken” and “Mocup Dance” animations are found to be 96.67

and 93.72 respectively. This gives better correlations than all other metrics. The overall PLCC(%) of

AISTED on this database is found to be better than the STED and KGerr metrics. For GIPSA-LAB

3D animation database, the proposed metric give best overall SROCC(%) and PLCC(%) values of

80.02 and 77.69 respectively compared to the other metrics when DMOS values are considered for the

WOI case.
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The 3D animation geometry data correspond to the changing dynamics of the frame-wise vertex

positions representing the 3D models across time. The research work in this thesis centred around

the development of compression algorithms for these 3D animation geometry data. The main aim of

our research was to compress the geometry data of isomorphic and block-isomorphic 3D animations

for efficient storage and transmission over the heterogeneous network. This chapter summarizes the

research contributions of thesis and points out some research directions.

6.1 Summary of contributions

The contributions from this thesis work can be divided into four parts. The first two parts deal with

the non-scalable and scalable geometry compression of single-object isomorphic 3D animations. The

third part considers the geometry compression of multi-object based block-isomorphic 3D animations.

The last part proposes an improved distortion metric for the quality assessment of distorted 3D

animations. These four contributions are outlined below.

(i) Animation Geometry Compression using the Subtractive Clustering based CPCA

A compression algorithm is proposed for improving the existing clustering based PCA (CPCA)

method. The proposed method provides a stable initialization of cluster centres for the K-means

clustering algorithm instead of a random initialization. The stable cluster centres are obtained

by applying a density function based subtractive clustering algorithm on the vertex trajectories.

The PCA is applied on each cluster to represent the clustered trajectories with a reduced number

of PCs, the corresponding PC transformed coefficients and the mean trajectory vector. A non-

uniform bit-allocation method is applied to quantize the elements of PCs and the PC coefficients

per cluster. A block based arithmetic coding is proposed to encode the quantization levels of the

PCs and PC coefficients quantized with same bits in each cluster. The compression performance

of the proposed S-CPCA algorithm is evaluated in terms of the KGerr and the STED distortion

metrics for different target bitrates and compared with existing clustered based PCA methods.

The proposed S-CPCA method performs better than other PCA based methods, namely the

CPCA and the LPCA methods.

(ii) Spatio-temporally Scalable Compression of Animation Geometry using SVD
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A novel scalable compression method with an encoder and a decoder structure has been proposed

to obtain spatio-temporal scalability using the singular value decomposition (SVD) of the 3D

animation geometry data. The method applies the SVD on the trajectory based animation

geometry matrix B and selects a reduced number of spatial and temporal singular vectors based

on the input threshold value of cumulative signal energy contained in the singular values. The

set of elements in the spatial and temporal singular vectors are decomposed into different spatio-

temporal layers to support scalability. To design the spatial layers, each frame is divided into

sets of non-overlapping vertices using the patch based mesh simplification technique driven by

the connectivity information. This spatial grouping information is used to arrange the elements

of the spatial singular vectors into different spatial layers starting from a base layer to the full

enhancement layer. The temporal layers are formed by arranging the elements of temporal

singular vectors in a hierarchical manner from the base layer to the enhancement layers as

followed in H.264 video coding. The prediction of elements in all the upper spatio-temporal layers

is performed using the averaging of neighbourhood elements in the lower layers. The prediction

errors of each spatio-temporal layer are quantized using a non-uniform bit allocation scheme and

entropy coded using a block based arithmetic coding. The rate-distortion performance of the

proposed method has been investigated on four standard 3D animation sequences in terms of

the KGerr and the STED metrics at different target bitrates. The performance has been also

compared with three existing scalable compression methods. It is observed that the proposed

compression algorithm outperforms these methods in terms of the scalable rates and distortions.

(iii) Compression of Block-isomorphic Multi-object Animation Geometry

This compression method exploits the spatio-temporal correlations of the individual 3D objects

across the animation length. The method deals with the compression of the geometry data of

block-isomorphic multi-object 3D (BIMO-3D) animations. The BIMO-3D animations contain

multiple 3D objects per frame and satisfy the graph isomorphism property for a set of successive

frames. The proposed method applies a temporal segmentation algorithm to divide the animation

data of the consecutive frames into different isomorphic multi-object (IMO) blocks. Each IMO

block satisfies the graph isomorphism property for the set of frames belonging to it. A proposed

connectivity based spatial segmentation algorithm is applied on each IMO block to detect the
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vertices belonging to the individual 3D objects. The geometry data of the individual 3D object

are then separated out for each IMO block. The 3D objects spanning across multiple IMO

blocks are detected based on their mesh attributes and the geometry data of those unique 3D

objects are temporally merged across the frames in IMO blocks. The object based PCA (OPCA)

algorithm is finally applied on the vertex trajectories of the merged unique 3D objects to get the

compression. The compression performance of the proposed OPCA method is evaluated on a few

BIMO-3D animations. The performance has been compared with the segment adaptive PCA

(SA-PCA) and segment adaptive OPCA (SA-OPCA) methods which apply the PCA and OPCA

algorithm respectively on geometry data of each IMO block without any merging operation. The

compression performance of the merged OPCA (M-OPCA) is found to be better than that of

the SA-PCA and the SA-OPCA methods.

(iv) An Improved Distortion Metric for 3D Animation Geometry

An improved perceptual visual distortion (PVD) metric, namely the AISTED metric, is pro-

posed for the quality assessment of 3D animations. The proposed AISTED metric uses the

relative changes in the spatial as well as the temporal edge lengths between the original and

the reconstructed animations to measure the distortions in a perceptual manner. The AISTED

metric is designed to show invariance to any combinations of frame-based affine transformation

operations namely, translation, scaling and rotation, applied either on the original or on the

reconstructed animations. It uses a least-squares method in the 3D homogeneous coordinate

system to find the frame-wise affine transformation parameters for rotation, scaling and trans-

lation operations between the set of vertices in the original and the reconstructed animations.

An inverse homogeneous transformation matrix is formed for each frame using the combination

of obtained parameters. The set of vertices in each frame of the reconstructed animation is

multiplied by the frame-wise transformation matrix to get the affine invariant set of vertices.

After that, the normalized spatial and temporal edge length errors between the original and

reconstructed frame are computed. The frame-wise spatial and temporal edge errors are av-

eraged over all the frames to get the mean spatial edge error, MEEs and the mean temporal

edge error, MEEt, respectively. The final AISTED metric is computed as the weighted com-

bination of MEEs and MEEt. The correlation performances of the proposed AISTED metric
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are evaluated with the subjective scores available on two public 3D animation databases: (i)

UWB 3D animation database and (ii) GIPSA-LAB 3D animation database. The performances

are compared with the existing three DMs namely, the KGerr, the STED and the DMPD.

The correlation performances are measured in terms of the Pearson’s linear correlation coeffi-

cient (PLCC) and the Spearman’s rank order correlation coefficient (SROCC). For the UWB

3D animation database, the overall PLCC(%) of AISTED metric is found to be better than the

STED and KGerr metrics for a few animations. For the GIPSA-LAB 3D animation database,

the proposed metric give best overall SROCC(%) and PLCC(%) values compared to the other

metrics when DMOS values are considered for the WOI case.

6.2 Future research directions

The contributions from this research work can be extended further to address some important

research issues related to 3D animation geometry compression. A few of these future research directions

are outlined below.

(i) Improving the compression performance of the S-CPCA method by finding the optimum number

clusters for the given set of input parameters. The allocation of non-uniform quantization bits

to each cluster can be further improved by exploring other statistical properties of the eigen

values, eigen vectors and the PCA transformed coefficients.

(ii) The compression performance of the CPCA and LPCA algorithms may be further improved

by applying a non-uniform quantizer and by varying the parameter c for each cluster. The

implementation of the CPCA and LPCA algorithms with above modifications and comparing

the performances with the proposed S-CPCA algorithm is a possible future research work.

(iii) In the SVD based scalable compression method, the design of spatial layers using the patch

based mesh simplification technique does not result in smooth spatially scalable layers. The

selection of centre vertex for patch decomposition should include some parameters related to the

change in surface roughness. This may help in the enhancement of the visual perceptual quality

of the lower spatial layers. The development of a new layer decomposition technique, therefore,

is a possible research direction.

171TH-2126-06610214



6. Conclusions and Future Work

(iv) The elements in the higher spatio-temporal layers are predicted by averaging the neighbourhood

elements present in the lower layer. The prediction method can be improved further by integrat-

ing some other linear or non-linear prediction methods to get better compression performance.

(v) The proposed SVD based scalable compression method supports only two types of scalability

viz. spatial and temporal scalability. The integration of the quality scalability to the proposed

scalable compression scheme may be carried out.

(vi) The proposed OPCA method deals with the non-scalable geometry compression of BIMO-3D

animations. One of the ways to obtain scalable compression for BIMO-3D animation is by ap-

plying the SVD based scalable compression algorithm proposed in Chapter 3 on each isomorphic

block. The scalable compression of BIMO-3D animation will be a challenging and an interesting

extension of the current research work.

(vii) The compression performance of the OPCA method may be enhanced by applying clustering

algorithms on the segmented large 3D objects.

(viii) The thesis addresses the geometry compression algorithms for isomorphic and block-isomorphic

3D animations. The development of geometry compression algorithms for non-isomorphic 3D

animations having variable geometry and connectivity data in each frame may be a challenging

future research direction.

(ix) Extending the AISTED metric to include the texture map, the frame rate and other psycho-

visual factors is a challenging research problem . The proposed AISTED metric can be improved

by incorporating other perceptual attributes like surface roughness and curvature information

and local masking effects of the HVS.

(x) The correlation performance of the AISTED metric with the subjective assessment scores may

be carried out for the proposed geometry compression algorithms. For this, a database of 3D

animations at various distortion levels has to generated by applying the proposed geometry com-

pression algorithms on different 3D animations. Those distorted animations are to be evaluated

subjectively by groups of human observer to record their perceptual quality in terms of MOS

values and objectively in terms of the AISTED metric.
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